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ABSTRACT

The aim of this study is to determine intraday returns in the Indonesian capital market, using sample of 177
listed Indonesian companies from 2021-2022. This study adopts a multiple linear regression analysis, where
the return of the last half hour as an endogenous variable consists of winners and losers, the return of the first
half hour of trading, the volume of the first half hour, overnight returns, and the USA index futures as an
exogenous variable. The originality of this research aims to demonstrate empirical evidence on intraday
returns by distinguishing winner & loser stocks and the relationship between the intraday returns of winners
and losers with volume, overnight, and US index futures in the emerging market (Indonesia). We find that the
first half hour of trading can impact future return. The return of the first thirty minutes is significantly positive
on the return of the last thirty minutes for both winner and loser stocks. Further, the volume of the first half
hour and the overnight return both positively influences on the last half hour return of the day for loser stocks.
This study can offer valuable insights for investment portfolio strategies, especially regarding intraday returns.
The findings of this research prove to be a valuable resource for investors when devising investment strategies
in the stock market. Additionally, it provides guidance for regulators in establishing rules for stock trading,
particularly in transactions involving trading robots.
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1. INTRODUCTION

In the operational activities of financial markets, technological advances have dramatically reduced
trading costs in many financial markets because they reduce transaction costs and the cost of
obtaining information (Davila & Parlatore, 2021). This progress substantially increases high
frequency trading (HFT) and is a striking aspect in financial markets due to easier transaction costs,
lower information costs and more practical transaction processes (Chordia et al., 2011).
Additionally, Malceniece et al. (2019) posited that apart from changes in fees, ease of transaction
processing and information, the main change in financial markets over the past decade has been
the development of trading algorithms (AT) and this is the reason for the emergence of automated
trading strategies implemented on fast computers for short periods, known as high-frequency
trading (HFT). HFT has a typical intraday and overnight trading patterns (Menkveld, 2014) which
attracted academics scholars in examining trading behaviors caused by HFT (Li et. al, 2022). This
condition prompts significant inquiries to understand the efficiency of the intraday market due to
the increasing participation of traders in HFT.

Several studies have attempted to explain intraday returns. A study by Narayan and Sharma (2016)
for instance, explores the prediction of intraday returns on the Chinese stock market using index
futures from the US stock market. This research is based on the USA index futures which are a
proxy for the macroeconomic conditions of the USA economy, because the movement of the future
index is a positive relationship to economic sustainability (Sadalia et al., 2019). This study
documents that index futures prices from the US spot market can predict intraday returns on the
Chinese capital market. On the other hand, Gao et al. (2018) examined intraday momentum times
series with the aim to observe the pattern of returns at the intraday level. This study found a positive
return in the first thirty minutes of trading and the last thirty minutes of trading.

Lou et al. (2019) examined intraday returns and overnight returns and stated that intraday returns
are based on the heterogeneity of investors consisting of intraday investors and overnight investors.
It was found that a stock demonstrating intraday returns within a given month tends to exhibit
similar intraday returns in the subsequent month, and vice versa. This result is different from other
studies such as, Bogousslavsky (2021) who found that overnight return has a positive correlation
with tomorrow's return except for the last half-hour return. Liu et al. (2015) added that overnight
returns have a negative correlation with intraday returns the next day.

Huang et al. (2020) stated that overnight returns significantly predict intraday returns tomorrow
where significant overnight returns predict returns in the first and last 30 minutes compared to
morning returns. Additionally, Bogousslavsky (2021) posited that overnight return has a positive
correlation with tomorrow’s return except with last half-hour return. But in contrast to the findings,
Lou et al. (2019) argued that stocks that experience a high average overnight/intraday return in a
month will also have a high average overnight/intraday return in the following month. Liu et al
(2015) Overnight returns have a negative correlation with intraday returns the next day. This can
be interpreted that today’s overnight return is used to predict tomorrow’s overnight return.

Furthermore, previous research has also shown a relationship between intraday returns and volume
(Blau et al., 2018; Bogousslavsky, 2016; Chordia et al., 2011; Gao et al., 2018; Heston et al., 2010;
Hussain, 2011), introduces U Shaped to trading volume, where volume is high in the morning and
evening while in the period between the volume will be low. This can also be seen from the
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autocorrelation of morning and evening volumes. So that the volume has a strong predictive ability
in predicting intraday returns on the US market. Furthermore, Han et al. (2022) examined the
relationship between return and volume, they found that return is related to trading volume.

Stocks that exhibited positive performance in the past (winners) are likely to continue to perform
well in the future and stocks that exhibited negative performance in the past (loser) are likely to
continue to perform poor in the future (Jegadeesh & Titman, 1993). So that winner stocks and loser
stocks display different patterns (Wouassom et al., 2022). The basic finding is “winners” (the top
decile of performers) over the past three to twelve months continue to outperform “losers” (the
bottom decile) over the next three to twelve months as well. This research has also been supported
(Du et al., 2022; Maheshwari & Dhankar, 2017; Wouassom et al., 2022). This raises the
opportunity to observe how the intraday return of winner and loser stocks.

Drawing from prior research, there is a limited amount of studies examining the impact of volume,
overnight returns, and USA index futures on intraday returns for winner and loser stocks. This gap
in research interest has prompted researchers to investigate further, aiming to address these aspects
of intraday return.

The Indonesian capital market is chosen as the subject of this study due to its distinctive
characteristics compared to previous research subjects in emerging markets (Adrianto & Hamidi,
2020; Chae and Kim, 2020; Hamidi & Adrianto, 2022). These distinctions encompass investor
behavior, investor composition, information dissemination, regulations, and other factors (Aslam
et al., 2020; Chae & Kim, 2020; Ipek, 2021). Previous research related to intraday return and
intraday momentum has predominantly been conducted in developed markets such as the United
States and Europe. As for emerging market, most research is conducted on the Chinese stock
market. However, the Chinese stock market is governed by a regulation that sets it apart from the
Indonesian stock market. This regulation prohibits selling shares acquired on the same day but
allows the purchase of shares sold on the same day (Qiao & Dam, 2020; Xiong et al., 2020). These
differences in behavior, characteristics, and regulations are expected to provide distinct insights
into the intraday returns of winner and loser stocks in the Indonesian capital market.

2. LITERATURE REVIEW

2.1. Intraday returns

Intraday return which is the basis of intraday momentum was first introduced by Wood et al.
(1985). These findings form the basis of research by Gao et al. (2018) which proves that the
first half-hour return can predict the last half-hour return through the momentum times series
on ETFs in the United States. Momentum strategies from daily, weekly, and monthly periods
to intraday emerged along with developments in information and communication technology
which led to the emergence of high frequency trading (HFT). According to Brogaard et al.
(2014), HFT improves investors' ability to obtain information and to analyze it and accelerates
investor access in buying or selling actions in the market.

The concept of intraday momentum is also based on the intraday return (Sun et al., 2016;
Renault, 2017; Zhang, Ma, & Zhu, 2019). Several previous studies examined intraday
momentum, namely Gao et al. (2018) who examined intraday momentum in the United States
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capital market and suggested that intraday return is determined by analyzing the correlation
between the stock’s return in the initial thirty minutes and its return in the final thirty minutes
of trading. Linear regression is applied to assess the significance of intraday return. The
findings of this research that the ability of intraday momentum to predict intraday returns was
economically and statistically significant. Meanwhile, Zhang et al. (2019) examined intraday
momentum in the Chinese stock market, and documented intraday momentum where the first
half hour return can significantly predict the last half hour return. Li et al. (2022) expanded
the research by examining intraday momentum at the international level using data from 16
developed countries capital markets and found that intraday momentum is economically and
statistically significant. On the other hand, Devianto et al. (2018) and Hendershott et al. (2020)
examined the relationship between systematic risk or stock beta on individual stock returns
using the intraday period. It was found that return open to close (intraday) is negatively related.
Furthermore, Bogousslavsky (2021) studies the intraday return anomaly. The study found
significant evidence of positive morning returns in predicting intraday returns at the individual
firm level. Following Gao et al. (2018), Zhang et al. (2019), Li et al. (2022), the first thirty -
minute return is calculated by how much stock return is obtained in the first half hour when
the market is open. The last thirty-minute return is calculated by how much stock return is
obtained in the last half hour before the market closes. Based on the arguments above, the
following hypothesis has been developed:

H1: Return of the first thirty minutes affects the return of the last half hour of winner and loser
stocks.

2.2 Trading Volume

Volume shows the quality of a financial market. An increase in trading volume signifies an active
and liquid market, reducing the cost of capital and fostering growth (Chordia et al., 2011). In
addition to that, volume is one of the factors that has an influence on stock price movements as it
displays the behavior of investors' herding to transact on a stock (Hsieh et al., 2020). Trading
volume can be used as a tool to analyze the movement of a stock because trading volume actually
describes the meeting between supply and demand for stock transactions (Heston et al., 2010) and
volume has a pattern similar to stock returns (Gao et al., 2018). Following Heston et al. (2010), the
first thirty minute volume is calculated by the volume of stock transactions in the first half hour
the market is open.

Trading volume is a key element in predicting stock price movements (Heston et al., 2010).
Hussain (2011) states that volume displays the flow of information received by investors, and that
the volume changes in response to changes in information (Chordia et al., 2011). This trading
volume is mostly represented by HFT (Boehmer et al., 2021). The development of HFT has caused
many researchers to try to look more deeply at the development of trading volume theory. For
instance, Heston et al. (2010) and Chordia et al. (2011) investigated patterns in intraday trading
volume. They observed a U-shaped intraday pattern in trading volume, indicating higher volumes
during the initial and final thirty minutes of market trading. Meanwhile, Hussain (2011) states that
volume has a positive relationship with stock return volatility, which means that high volume will
increase the volatility of stock returns. Furthermore, volume and return volatility have an intraday
pattern. Bogousslavsky (2016) revealed that there is an intraday pattern of volume and stock returns,
the volume pattern displayed is a U pattern. Based on the discussion above, the following hypohesis
is posited:
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H2: Volume in the first thirty minutes has an effect on returns in the last half hour of winner and
loser stocks.

2.3 Overnight returns

Overnight return is based on the difference between the closing price and the opening price the
following day (Hendershott et al., 2020). Branch and Ma (2012) examines how ETF prices move
in the United States, which looks at intraday and overnight returns. Intraday and overnight
relationships whether negative or positive can be seen through the autocorrelation between open
to close, close to open and close to close. It was found that open to close has a negative
autocorrelation, while close to open has a positive autocorrelation. The explanation for this
condition is order imbalance or manipulation by market markers.

Overnight return is derived from the difference between the closing and opening prices on the
following day. Typically, a stock closes within the bid and ask range at its closing (Bogousslavsky,
2021). Additionally, return close to open serves as compensation for overnight risk, where beta
exhibits a positive correlation with return close to open (Hendershott et al., 2020). Following Lou
etal. (2019), overnight return is calculated by the last half-hour return on the previous trading day.
Hendershott et al. (2020) examined the relationship between systematic risk (or stock beta) on
individual stock returns using intraday and overnight periods. This study found that return open to
close (intraday) has a negative relationship with beta for intraday with an increase of 1 point the
value of beta increases return overnight by 14 bps. Meanwhile, return close to open (overnight) is
positively related to the value of an increase of 1 beta point which will reduce intraday return 15
bps. It displays the overnight return as a compensation for exposure to risk.

Bogousslavsky (2021) studies anomaly returns during day and night trading to explain what drives
the predictability of cross-sectional returns. The effect of institutional constraints and overnight
risk in explaining intraday return patterns, as well as using the factor of mispricing in testing this
effect. The study found statistically significant evidence of a reversal between the 3:30—4:00 pm
return and the following morning return. Based on the above discussion, the following hypothesis
has been developed:

H3: Overnight return affects the return in the last half hour of winner and loser stocks.

2.4 The US Future Index

The US futures index serves as a proxy for the macroeconomic conditions of the US economy, as
movements in the futures index reflect investors' assessment of the prospects of the stocks it
represents. One of the primary factors influencing stock prices is the prospect of cash flows to be
received by companies, which is highly dependent on macroeconomic conditions. Meanwhile, the
Chinese stock market is affected by the US economic conditions in line with the strong economic
relations between China and the USA where many Chinese companies whose income comes
mostly from exports to the USA. Narayan and Sharma (2016) document that index futures prices
from the US spot market can predict intraday returns on the Chinese capital market.

Robbani and Bhuyan (2016) examined the relationship between Dow Jones Industrial Average
(DJIA) index future volatility and stock volatility. This study was undertaken to reconcile
conflicting theories concerning the correlation between DJIA index futures volatility and the
volatility of underlying stock returns. The findings indicate that DJIA index futures contribute to
increased volatility in underlying stock returns. Furthermore, several studies have investigated the
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relationship between the stock prices of a country in connection with the USA stock index, proxied
by the DJIA index futures. Daily return of the United States Index futures is calculated by daily
return of the United States index futures (Karaca et al., 2020; Kia et al., 2018; Malagrino et al.,
2018). Based on the discussion above, the following hypothesis has been developed:

H4: The USA Futures Index in the first thirty minutes affects the return in the last half hour of
winner and loser stocks.

3. METHODOLOGY

This study aims to examine the impact of volume, overnight returns, and US index futures on the
intraday returns of both winning and losing stocks in the Indonesian capital market from July 2021
to June 2022. The first criteria for the sampling technique in this study are from companies whose
shares are traded on the Indonesian Stock Exchange (IDX) from June 2021 to July 2022. Shares
are selected from various sectors in the Indonesian capital market, such as the agricultural, mining,
basic and chemical industries, various industries, consumer goods industries, property,
infrastructure, finance and trade. Whilst the second criteria are where the company shares are
actively traded during a trading day for at least thirty minutes. The secondary date utilised in this
study are stock prices recorded every 30 minutes, trading volumes, and United States Futures index
sourced. Subsequently, this dataset was analysed using the R studio and STATA statistical software
version 13. A total of 3,876 observations were obtained and analysed.

The dependent variable in this analysis is the return during the last half hour, while the independent
variable include returns for each half hour excluding the last one, as well as volume for each half
hour, overnight return, and Dow Jones return. Stock return is calculated using the following
formula:

_ jt—Rjt—1 1)

Where, R; . is stock return; P; , is the stock price at t time; and R; ,_ is the stock price at t-1 time.
Subsequently, these stocks are categorized into winner and loser stocks based on their return levels.
High return is assigned to the top 10% of stocks with the highest returns, while low return is
attributed to the bottom 10% with the lowest returns. Stocks with high returns are classified as
winner stocks, while those with low returns are grouped as loser stocks (Chae & Kim, 2020; Dong
et al., 2022; Kim & Suh, 2021).

The analysis technique employed in this study utilizes panel data regression to look at the ability
of the first half hour return, first half hour volume, overnight return, and the United States futures
index in predicting the last half hour return. This model is different from those of Gao et. al. (2018),
Li et. al., (2022) and Zhang et al., (2019) which uses multiple linear regression, whilst panel data
regression is employed in this study. The analysis of the dataset is facilitated by R Studio for
organizing data matrices and STATA version 13 for processing panel data, enabling the assessment
of the extent of impact of independent variables on the dependent variable.

The following regression equation model used is:

Y =a+ Ble + ﬁZXZ + B3X3 + ﬁ4X4, F o (2)
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Where, Y is return of the last half hour return of the day; a is a constant; j,, is the regression
coefficient of each variable; X; is return of the first half hour of the day; X, is volume of the first
half hour; X5 is the overnight return; X, is the daily return of the United States index futures; ¢ and
is an error.

4. RESULTS AND DISCUSSION

From Table 1, the average intraday return for winner stocks is positive, while the average intraday
return for loser stocks is negative. To examine the relationship between the return of the last thirty
minutes with the return of the first thirty minutes, the volume of the first thirty minutes, the
overnight return and the United States index futures, a panel data regression analysis was carried
out.

Table 1: Descriptive statistic

. Obs. Mean SD Min Max Obs. Mean SD Min Max

Variable -
Winner Loser
Y 3876 0.001 0.007 -0.048 0.077 3876 0.000 0.007 -0.049 0.074
X1 3876 0.038 0.028 -0.070 0.253 3876 -0.027 0.016 -0.070 0.055
X2 3876 16.141 1.709 9.847 21.418 3876 15502 1.692 9.259 21.105
X3 3876 -0.001 0.007 -0.063 0.061 3876 0.002 0.009 -0.049 0.077
Xa 3876 0.000 0.010 -0.035 0.025 3876 0.000 0.010 -0.035 0.025
4.1  Winner

The panel data regression method used for the winner stocks in this study is the PLS model, the
PLS model was chosen after selecting the model. However, after the classical assumption test was
carried out and there was heteroscedasticity in the model, the model did not meet the Best Linear
Unbiased Estimator (BLUE) requirements resulting in an inefficient estimation process. The
method used to solve the problem of the PLS model that is not BLUE is by using the Generalised
Least Square (GLS) method because this model has overcome the problem of heteroscedasticity.

Table 2: Regression Analysis Test Results for using the GLS Method

Variable Winner Loser

X1 (0.011)** (0.007)***
0.025 -0.027

X2 (0.000) (0.000)***
-0.000 -0.000

X3 (0.040)* (0.013)***
0.076 0.052

Xa (0.029) (0.012)*
0.006 0.021

Cons. (0.003) (0.001)
-0.000 0.003

Hausman test 0.000

LM test 1.000

Breusch-Pagan/Cook-Weisberg test 0.000

Wald test 0.000

Mean VIF 1.10 2.53

Number of Observation 3876 3876

R-squared 0.003 0.010

F-Stat. 0.032 0.000

Notes: *,** ***Sjgnificant 10, 5 and 1 per cent levels, respectively. Standard error in the parenthesis
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Based on the results depicted in Table 2, it can be seen that for winner stocks, only variable X1
(first thirty-minute return) has a significant effect on Y (last thirty-minute return) with a
significance level of 0.025, less than 0.05 (5%). Variable X3 overnight return significantly affects
Y with a significance level of 10 percent with a significance value of 0.058, while other variables
do not significantly affect Y. The R-square value of this equation model is 0.0027 or equal to 0.27
percent. This R-square value is much smaller than that obtained (Gao et al., 2018) which is 3.3
percent.

The research findings on winning stocks are in line with the discoveries of Gao et al. (2018), Zhang
et al. (2019), and Li et al. (2022), which demonstrate that the first half-hour return can forecast the
last half-hour return. However, these results are not consistent with the studies conducted by
Heston et al. (2010), Chordia et al. (2011), and Bogousslavsky (2016), which document that the
trading volume in the first thirty minutes influences the return in the last thirty minutes.
Furthermore, this research is not aligned with the findings of Lou et al. (2019), and Bogousslavsky
(2021), which illustrate the relationship between overnight trading and the return in the last thirty
minutes. It also contradicts the research by Narayan and Sharma (2016), and Robbani and Bhuyan
(2016), which document that the USA future index is able to predict the return in the last thirty
minutes.

4.2  Loser

Based on Table 2, it can be seen that for loser stocks the variables X1 (first thirty minute-return),
X2 (first thirty minute volume) and X3 (overnight return) have a significant effect on Y (last thirty
minute return) with a significance level of 0.000 smaller of 0.05 (5%). Variable X4 (USA futures
index) significantly affects Y with a significance level of 10 percent with a significance value of
0.074. The R-square value of this equation model is 0.0101 or equal to 1.01 percent. This R-square
value is much smaller than that obtained (Gao et al., 2018) which is 3.3 percent.

The research results for loser stocks are in line with the findings of Gao et al. (2018), Zhang et al.
(2019), and L. et al. (2022) which prove that returns in the first half hour can predict returns in the
last half hour. This research is also consistent with Heston et al. (2010), Chordia et al. (2011), and
Bogousslavsky (2016) who documents that trading volume in the first thirty minutes has an impact
on returns in the last thirty minutes. In addition, this research is in line with the research results of
Lou et al. (2019), and Bogousslavsky (2021) which shows that there is a relationship between
overnight returns and the last thirty minutes. However, in contrast to Narayan and Sharma (2016),
and Robbani and Bhuyan (2016) noted that the USA futures index was able to predict returns in
the last thirty minutes.

The differential impact of independent variables on the dependent variable between the winner and
loser stock groups indicates variations in investor behavior towards these stock categories. Winner
stocks exhibit investor underreaction and price continuation behavior, leading to an increase in
stock prices in the afternoon. In contrast, loser stocks show investor overreaction and price reversal
behavior, causing prices to reverse direction in the afternoon. However, for the loser stock group,
overreaction behavior and price reversal are influenced by overnight return and volume in the first
thirty minutes of stock trading.
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The findings of this study reveal that investor underreaction and overreaction behavior, as well as
stock price continuation and price reversal patterns, persist in the intraday trading dynamics of both
winner and loser stock groups.

4.3 Robustness check

To strengthen the interpretation of existing research results, this study follows those of Gao et al.
(2018), Zhang et al. (2019), Gao and Liu (2020), Azevedo (2022), and Wen et al. (2022) who
evaluated the predictive power using out-of-sample. The day effect is to see how the ability of
exogenous variables to explain endogenous variables when sorted by different days is in line with
the research of (Chu & Song, 2023).

Several alternatives were developed to verify the model’s construction. First, we analyzed the
models using recursive for each stock of winners and losers, as well as their combination (hybrid
model). Second, an analysis was conducted using event study for each active market day. Third,
comparing the results of the three analyses conducted for each winner and loser stock Table 3 and
the hybrid model Table 4. The analysis results of the hybrid model shown in table 5 indicate that
the comparison of each variable with significance below 10 percent and above 10 percent mostly
yields identical outcomes. Finally, Table 4 also shows that the analysis of the baseline is generally
identical and stable for each winner and loser stock.

5. CONCLUSION

Result from this study demonstrates that alterations in stock returns during the first thirty minutes
are subsequently mirrored by changes in stock returns during the last thirty minutes for both winner
and loser stock groups, hence, Hypothesis 1 is accepted. For the direction of change in the winner
stock group, the first thirty minute return has a positive effect with the last thirty minute return,
and in line with most of prior studies (Aitken et al., 2015; Bogousslavsky, 2021; Gao et al., 2018;
Li et al., 2022; Lou et al., 2019). Conversely, the loser stock group has a negative direction of
change, and in line with those of Andersen et al. (2022), Kang et al. (2022), Hendershott et al.
(2020), and Chu and Song (2023). Several factors contribute to this adverse impact, including
market-maker behavior, specialist behavior as documented in literature, bid-ask bounces, and
alternative explanation (Andersen et al., 2022; Seok et al., 2021).

When evaluating Hypothesis 2, acceptance is only observed within the loser stock category.
Volume is a proxy for the arrival of information which affects intraday returns and has an intraday
pattern. These results show that for intraday anomaly loser stocks are also displayed by volume,
where volume displays a negative relationship and contrary to Heston et al. (2010), Chordia et al.
(2011), Hussain (2011), Bogousslavsky (2016), Gao et al. (2018), and Hsieh et al. (2020).
Hypothesis 3 focuses on assessing the impact of overnight returns on returns during the last thirty
minutes. The findings indicate that only loser stocks exhibit a significant and positive effect on
intraday returns during the last thirty minutes. This aligns with the research findings of Branch and
Ma (2012), Bogousslavsky (2016), and Hendershott et al. (2020).

Meanwhile for Hypothesis 4, which posits that the USA Index futures act as a proxy for the
macroeconomic conditions of the US economy influencing intraday returns, is not supported. This
contradicts with the findings of Narayan and Sharma (2016). Consequently, investors may consider
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incorporating volume and overnight returns into their intraday trading strategies to achieve intraday
returns.

This study has tested and proved that there are intraday returns for the winner and loser stock
groups, changes in stock returns in the first thirty minutes will be followed by changes in stock
returns in the thirty minutes. Furthermore, for the influence of volume variables and overnight
returns, they only affect intraday returns for the loser stock group. Meanwhile, the USA index
futures variable does not significantly affect intraday returns on either winner or loser stocks.

This research can serve as a valuable reference for investors in formulating investment strategies
in the capital market. Additionally, for regulatory authorities, the findings of this study can be a
source for crafting rules in stock trading, particularly in transactions involving trading robots or
automation, aiming to enhance market efficiency with the implementation of trading technologies.
The research outcomes, focusing on intraday return, may provide a foundation for further studies
such as the development of intraday momentum portfolio strategies and intraday asset pricing.
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Table 3: Robustness check (winner and loser)

(1) (2 (©)]
Baseline Recursive Event study "
Monday Tuesday Wednesday Thursday Friday
Winner Loser Winner  Loser Winner Loser Winner Loser Winner Loser Winner Loser Winner Loser
GLS GLS GLS GLS GLS PLS GLS PLS GLS GLS PLS PLS GLS GLS
X1 (0.011)**  (0.007)*** (0.009) (0.014) (0.059) (0.018)**  (0.010)***  (0.016)* (0.010)**  (0.010)**  (0.011) (0.029)
0.025 -0.027 0.008 -0.016 0.047 -0.037 0.031 -0.031 0.024 0.024 0.010 -0.025
X, (0.000) (0.000)*** (0.000)** (0.000) (0.000) (0.001) (0.000) (0.000) (0.000)***  (0.000) (0.000) (0.000) (0.000)***
-0.000 -0.000 -0.000 -0.000 -0.000 0.001 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000
X3 (0.040)* (0.013)*** (0.019)***  (0.035)***  (0.023)**  (0.190) (0.038) (0.035)* (0.029)* (0.037) (0.037) (0.037)*  (0.051)
0.076 0.052 0.052 0.105 0.047 0.119 0.054 0.068 0.055 0.014 0.015 0.073 0.019
X4 (0.029) (0.012)* (0.023) (0.022)* (0.147) (0.028)**  (0.027) (0.025) (0.025) (0.025) (0.024) (0.025)
0.006 0.021 -0.008 -0.037 -0.094 -0.057 0.009 -0.034 -0.014 -0.014 0.022 0.020
Cons. (0.003) (0.001) (0.002) (0.002) (0.002) (-0.014) (0.002) (0.002) (0.002) (0.003) (0.002) (0.003) (0.003)
-0.000 0.003 0.003 0.004 0.001 -0.013 0.002 0.000 0.007 0.003 0.003 0.002 0.005
Hausman test 0.000 0.111 0.907
LM test 1.000 0.490 1.000 0.425 1.000 1.000 0.234 0.116 1.000 1.000
Wald test 0.000 0.000 0.000
Breusch-
Pagan/Cook- 0.000 0.000 0.028 0.169 0.000 0.263 0.000 0.000 0.642 0.642
Weisberg test
Mean VIF 1.10 2.53 111 1.01 1.09 1.09 111 1.05 1.13 1.06 111 111 1.94 2.78
Num. of Obs. 3876 3876 1938 1428 799 799 765 765 748 748 782 782 782 782
R-squared 0.003 0.010 0.007 0.009 0.015 0.013 0.004 0.013 0.022 0.024 0.008 0.008 0.010 0.010
F-Stat. 0.032 0.000 0.002 0.019 0.038 0.029 0.039 0.002 0.001 0.165 0.165 0.1975 0.309

Notes: *,** ***Sjgnificant 10, 5 and 1 per cent levels, respectively. Standard error in the parenthesis. Table 3 shows the results of a comparison between baseline, recursive,
and event study analysis on winners and losers stock. Each method utilizes its respective estimation, and regression models, tests for multicollinearity, and heteroskedasticity
have been conducted. The results of the event study are based on the days when the market was open.
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Table 4: Robustness check (hybrid model)

(©)] ) 3)
Baseline Recursive Event study
Monday Tuesday Wednesday  Thursday Friday

X1 (0.000)*** (0.000)*** (0.007) (0.008) (0.004)***  (0.004)*** (0.009)

0.000 0.000 0.010 0.011 0.020 0.017 -0.011
X2 (0.000)*** (0.000)* (0.000) (0.000) (0.000)* (0.000)***

0.000 -0.000 0.000 -0.000 -0.000 -0.000
X3 (0.005)*** (0.006)*** (0.010)***  (0.024)***  (0.005)** (0.011)***  (0.012)***

0.026 0.022 0.066 0.083 0.012 0.062 0.077
X (0.004) (0.006) (0.015) (0.001) (0.007)* (0.007)

0.002 -0.016 0.015 -0.006 0.016 -0.007
Cons. (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.001)

-0.002 -0.000 0.000 -0.001 0.000 0.001 0.008
Hausman test 0.008 0.001 0.026 0.001
Lagrangian multiplier test 1.000 0.188 1.000
Wald test 0.000 0.000 0.000 0.000
Breusch-Pagan/Cook-Weisberg test 0.000 0.000 0.0004
Mean VIF 3.49 1.02 1.02 1.03 1.01 1.01 1.02
Number of Observation 40128 14784 8272 7920 7744 8096 8096
R-squared 0.002 0.006 0.003 0.002 0.005 0.007 0.002
F-Stat. 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Notes: *,** ***Significant 10, 5 and 1 per cent levels, respectively. Standard error in the parenthesis. Table 4 shows the results of a comparison between baseline, recursive,
and event study analysis on all stocks (comprising winner and loser stocks). Each of these methods has undergone appropriate regression model testing, multicollinearity
tests, and heteroskedasticity tests, with all estimations utilizing the Generalised Least Square (GLS) approach. The results of the event study are based on the days when
the market was open.
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Table 5: Variables Definitions

Variable Definition Reference
The last thirty-minutes return How much stock return is obtained in the last ~ Gao et al. (2018);
) half hour before the market closes Zhang et al. (2019);

Li et al. (2022)
The first thirty minutes return How much stock return is obtained in the first ~ Gao et al. (2018);
(Xa) half hour when the market is open Zhang et al. (2019);

Li et al. (2022)
The first thirty minutes volume  The volume of stock transactions in the first Heston et al., 2010

(X2) half hour the market is open
Overnight return (Xa) The last half-hour return on the previous Louetal., 2019
trading day

Daily return of the United The daily return of the United States index Karaca et al. (2020);

States Index futures (Xa) futures Kia et al. (2018);
Malagrino et al.
(2018)
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