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round the world, fund managers are trying to create trading techniques that make the most of publicly Aavailable information in an effort to give their clients returns that are higher than average. According to 
Fama (1970), stock markets function effectively in terms of information. These markets are so efficient 

that investors are unable to develop profitable trading strategies with publicly available information. Furthermore, 
Sharpe's (1964) capital asset pricing model (CAPM), which assumes that the market is the only significant risk 
factor, offers a way to assess risk-adjusted anticipated returns. 

1 Professor of Finance, Indian Institute of Foreign Trade (IIFT), IIFT Bhawan, B-21, Qutub Institutional Area, New                 
Delhi -110 016. (Email : asheeshpandey@rediffmail.com) ; ORCID iD : https://orcid.org/0000-0002-4637-7378
2
 Assistant Professor (Corresponding Author), Department of Commerce, Hansraj College, University of Delhi,                  

Delhi - 110 016. (Email : dr.arjunmittal@gmail.com) ; ORCID iD : https://orcid.org/0000-0001-6654-7381
3 Assistant Professor, Indian Institute of Printing and Packaging Technology, Knowledge Park III, Greater Noida - 201 310,  
Uttar Pradesh. (Email : madansingh_sh@yahoo.com) ; ORCID iD : https://orcid.org/0000-0002-8616-3438

DOI : https://doi.org/10.17010/ijf/2024/v18i5/173841

Abstract

Purpose : The goal of the study was to find out if Brazilian stock markets had any notable calendar abnormalities. The study’s goal 
was to determine whether volatility clustering exists and how it responds to both positive and negative shocks to Brazil’s capital 
market.

Methodology : The emerging markets information services database was used to obtain the closing prices of nine Brazilian stock 
indices from 2012 to 2022. Four well-known calendar anomalies were examined using the dummy variable regression approach: the 
trading month effect, Halloween impact, day of the week effect, and month of year effect. GARCH-based models, including              
GARCH-M and T-GARCH techniques, have subsequently been used to conduct tests on the nature of volatility clustering.

Findings : The results proved that there is volatility clustering. For Brazil, the only noteworthy anomaly found was the month-of-the-
year effect, which indicates that the sample indices only showed meaningfully positive returns in April. Finally, the results showed 
that, in contrast to positive shocks, negative shocks exhibited more pronounced clustering throughout the second moment.

Practical Implications : The study has implications for regulators and market players. While market participants might use this 
anomaly to develop profitable trading strategies for Brazil, authorities can investigate whether calendar oddities are caused by 
regulatory inefficiencies or issues with microstructure.
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In a similar vein, a collection of anomalies called calendar anomalies have been found that are based on time. A 
calendar anomaly is when there are differences in the ways that markets behave over distinct periods, such as one 
day, one week, or several months in a year. These variations offer investors opportunities to develop profitable 
trading strategies. Predominantly, there are five types of calendar anomalies, namely, the day-of-the-week (DOW) 
effect (Cross, 1973), the month-of-the-year (MOY) effect (Chan, 1986; Harshita et al., 2018), the Halloween 
effect (HE) (Haggard & Witte, 2010; Zhang & Jacobsen, 2012), and the trading month effect (TME) (Jacobs & 
Levy, 1988; Kunkel et al., 2003).

Early studies on established markets provide evidence for the existence of calendar anomalies (Bouman & 
Jacobsen, 2002; Fields, 1934; Gibbons & Hess, 1981). Comparable data are also accessible for emerging markets 
(Gao & Kling, 2005; Kayacetin & Lekpek, 2016). Pandey (2022) observed that in the Egyptian stock market, the 
DOW influence is the strongest. Tadepalli and Jain (2018) analyzed the available research on four significant 
calendar anomalies that have been published in 112 reputable publications using articles gathered from several 
databases. They note that the calendar irregularities for the majority of the years have become negligible for 
developed markets. Similarly, Plastun et al. (2019) observed the disappearance of major calendar anomalies in the 
US stock market and, hence, validated the efficient market theory. However, little empirical evidence is available 
for emerging markets, including Brazil.

Few studies have been done for the Brazilian market to test calendar anomalies, and generally, only DOW has 
been tested for the Brazilian market (Rossi, 2007; Rodriguez, 2012; Soares et al., 2013; Yu, 2007). The majority of 
these studies suggest a strong DOW influence, particularly on Fridays, in the Brazilian market. Moreover, there is 
limited research exploring volatility patterns in the Brazilian market, with Durán (2010) being one of the few to 
note that Fridays tend to be the least volatile days in Brazil. Tadepalli and Jain (2018) conducted an extensive 
review of the literature on four key calendar anomalies and pointed out a lack of research in this area, especially for 
emerging markets like Brazil. 

Consequently, we find that there has been very little research done on calendar anomalies for the Brazilian 
stock markets. Meanwhile, much of this research has just examined the DOW anomaly, which is a single calendar 
anomaly. Additionally, because prior research has focused on overall market returns collected from aggregate 
market indices, there is much opportunity to test similar findings on sectoral indices. We were unable to locate 
enough research on volatility clustering in the Brazilian environment. We, therefore, undertake a comprehensive 
analysis of calendar inconsistencies for the Brazilian market in an effort to contribute to and enhance the literature 
for emerging markets. 

The first goal is to investigate the impact of five significant calendar irregularities. DOW, trading month effect 
for Brazil, MOY effect, HE, MYE, and MYE. It is crucial to consider the risk component of stock returns in 
addition to evaluating returns (Sehgal & Pandey, 2018). Hence, next, we analyze the impact of volatility clustering 
on the Brazilian stock market. Finally, we examine the role of volatility shocks (that is, positive or negative news) 
on stock prices.

Literature Review

This subsection presents an overview of the literature on studies on calendar anomalies both globally and 
specifically in the context of Brazil.

DOW Effect 

The DOW theory states that stock returns on Mondays are lower than market returns on Fridays. Cross (1973) 
observed for the first time how the DOW affected the US market. Gibbons and Hess (1981) observed dissimilar 
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returns for all the days and found Monday returns to be the lowest among all other days. Pettengill and Jordan 
(1988) analyzed US stock returns and found the availability of the week-of-day effect. Damodaran (1989) 
observed low to negative returns on Fridays and Mondays, hence confirming DOW. Kato (1990) found the DOW 
effect in Japanese markets. Wang et al. (1997) observed the weekend effect to be more pronounced in the last 
seven days compared to other days of the month. Basher and Sadorsky (2006) indicated that DOW effects persist 
in South Asian countries even when accounting for market risk.

Meanwhile, Siddiqui and Narula (2013) identified a significant weekend effect in India. They further found a 
negative mean return on Tuesday during the research timeframe. Archana et al. (2014) argued that the Indian stock 
market has demonstrated the weekend impact. Evanthia (2017) revealed that DOW effects are present in all 
sectors. Karanovic and Karanovic (2018) identified that in Balkan Capital markets, the daily mean returns of a few 
chosen stock indexes are often less at the start of the week but not always on Monday. Sehdev (2021) examined the 
effect in the Indian context and found that there was a DOW influence evident in the actions of institutional 
investors, both domestic and foreign. It was determined that the days Monday, Thursday, and Friday had the 
biggest effects on institutional investors' trading behavior.

MOY Effect

This concept relates to the unusual performance of equity returns, particularly in January. This phenomenon was 
initially noted by Wachtel (1942) in the US markets. Jacob and Levy (1988) offered multiple interpretations for the 
January effect, suggesting possible explanations such as the window dressing hypothesis. Sias and Starks (1997) 
noted a strong MOY effect for stocks traded on the NYSE. When Gao and Kling (2005) looked at the phenomenon 
outside of the January impact, they discovered that different nations have different monthly effects. For example, 
China experiences a post-February effect since its fiscal year ends in February. Haug and Hirschey (2006) showed 
the existence of the January effect in the market of the United States. Ariss et al. (2011) noted that Middle Eastern 
countries do not experience the December effect due to the observance of Ramadan during that month.

In contrast, Patel and Sewell (2015) identified a pronounced January effect in developed stock markets, with 
mixed findings in both developing and least developed nations. Harshita et al. (2018) found returns in November 
to be the highest, and they observed various factors to explain the phenomenon. Caporale and Plastun (2017) 
suggested the presence of the Ukrainian stock market. Kaur (2017) found that large-cap stocks provided lower 
than small stocks in  January. Additionally, Raghuram (2017) found that in the Indian market, the MOY effect was 
different in each of the three time periods. However, for a given period, the same MOY effect is present for all the 
indices studied. It was also observed that the MOY effect is stronger for small caps when compared to large caps. 
Halari et al. (2018) found the presence of calendar anomalies in the Pakistan Stock Exchange.

Halloween Effect

Bouman and Jacobsen (2002) uncovered the impact of the HE in 37 economies across the continents. Jacobsen 
and Visaltanachoti (2009) showed the presence of a positive HE for major industries in the United States. Haggard 
and Witte (2010) revealed the presence of a strong HE in spite of controlling for the January effect. Zhang and 
Jacobsen (2012) found the presence of higher returns during winters as compared to summers after analyzing data 
for 300 years for UK markets. Swinkels and van Vliet (2012) observed a strong HE after testing five major 
calendar anomalies.
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Trading Month Effect

TME is also referred to as the semi-month effect. Due to increased income in the first half of the month, Ariel 
(1987) proposed that returns during the first 15 days of the month often exceeded those during the last 15 days of 
the month. The trading month effect was found to be primarily caused by portfolio rebalancing and earnings 
disclosures by Jacobs and Levy (1988). Pettengill and Jordan (1988) discovered that the trading month had an 
impact on both large and small companies. Similarly, Cadsby and Ratner (1992) observed this trading month 
effect across 10 countries, with it being evident in six of them. McConnell and Xu (2008) found that of the 34 non-
US enterprises they examined, 30 of them had the TM impact. Cifuentes and  (2013) revealed a weak Córdoba
DOW on volatility for the Egyptian market. Kayacetin and Lekpek (2016) observed a TM pattern in Turkish 
markets. Gharaibeh (2017) detected a notable January trend in Egypt. Meanwhile, Lobão (2018) studied six 
African markets and identified a significant Friday pattern and a January trend.

Volatility Clustering

Corhay et al. (1987) found that in January, the US had a much higher excess risk premium than three European 
countries: the UK, France, and Belgium. In their analysis of the market, Kohers and Kohli (1991) discovered a 
January trend, observing that the month had the highest returns relative to other months, as well as the lowest 
return variability.

Tsoukalas (2000) found compelling evidence that the US, UK, and Japanese stock markets exhibit volatility 
clustering. Ajayi et al. (2004) found a decline in Monday stock returns in six European countries. Sarma (2004) 
demonstrated that the Indian stock market exhibits seasonal patterns in returns. In particular, positive variations 
are seen across all indices between Mondays and Tuesdays, Mondays and Fridays, and Wednesdays and Fridays. 
He et al. (2016) found evidence confirming the presence of volatility clustering during the periods characterized 
by investors shifting between fundamental valuations and trends. When developing trading strategies based on 
anomalies, portfolio managers want to comprehend volatility clustering patterns in order to fully appreciate the 
risk implications, as volatility is a representation of risk (Desai & Joshi, 2021; Sen, 2014).  

Brazilian Context

Yu (2007) found the presence of the DOW effect in China, Russia, Brazil, and Turkey. The author further found 
higher stock returns during holidays in which the markets were not closed. Rossi (2007) found that there was a 
traditional positive Friday, Tuesday, and Wednesday effect in the capital market of Brazil during 1997–2006. 
Rodriguez (2012) found significant evidence of a Monday effect in Latin American countries, including Brazil. 
Soares et al. (2013) analyzed that Friday returns were quite significant and positive for Brazil, and the returns on 
Friday were greater than on any other day. Carlucci et al. (2014) showed evidence of a lower mean return on 
Fridays, including Brazil. Singh (2014) investigated equity market anomalies of major emerging markets, 
including Brazil, and confirmed the presence of DOW and MOY effects for all the sample countries except China. 
Aggarwal and Khurana (2018) conducted a stock market volatility study on BRIC economies and found the 
existence of short-term causality running from the Russian, Chinese, and Brazilian stock markets to the Indian 
stock market. The study conducted by Nagina (2022) suggested that BRICS stock markets shared linkages in 
totally different manners pre- and post-spread of the COVID-19 pandemic.



Indian Journal of Finance • May 2024   39

Shortcomings of the Current Literature

It has been noted that only a few contemporary studies have been conducted on calendar anomalies in Brazil, with 
the majority of notable studies focusing solely on the DOW effect. This serves as our driving force behind doing 
this study on the Brazilian stock market. 

Data 

The return statistics of several indices listed on the Brazilian stock exchange make up the dataset used for this 
study. Based on the closing prices of these several series, the original data was gathered. The estimation of the 

1daily returns was done using the closing prices . The information provided in Table 1 outlines the indices sourced 
from the emerging markets information services (EMIS) database, detailing their categorization into broad and 
sectoral indices, along with the specific time frames under consideration.

Estimation Methodology

The primary goals of this study are to examine various calendar anomalies and investigate the patterns of volatility 
clustering in the Brazilian stock market. To examine various calendar anomalies, the study uses a dummy variable 
regression approach. 

Estimation Equation:

Ζ  = Α + Π D  + Π D  + ¼ + Π  D  + ε    (1)it 1 1t 2 2t k k–1t t

where, Ζ  represents the log return of a particular series “i” for the “t” period. A is the mean value of the omitted it

dummy variable. The variables from D  to D , represent “K–1” 1 k–1 dummies that are utilized to capture a particular 
anomaly. The intercept in a model represents the average return for the reference category that isn't explicitly 
mentioned. In the same way, the coefficient for the dummy variable shows the deviation between the average 
value of the reference category and the specific category being examined. To explore the patterns of volatility 
clustering, this study employs models based on generalized autoregressive conditional heteroscedasticity 
(GARCH). Specifically, the GARCH (1, 1) model has been utilized to estimate the clustering of volatility in the 
return series of different indices. Likewise, the application of the threshold GARCH (T-GARCH) model has been 

1  The daily returns have been estimated as the log difference of the closing prices of various series measured on a daily basis. 

Table 1. Classification of Indices

Index Name  Type Start Date End Date Observations

Bovespa Index Broad Index 21-Dec-12 25-Aug-22 2,379

Brazil 50 Index Broad Index 21-Dec-12 25-Aug-22 2,379

Brazil Index Broad Index 21-Dec-12 25-Aug-22 2,379

Corporate Sustainability Index Sectoral Index 21-Dec-12 25-Aug-22 2,379

Electric Power Index Sectoral Index 21-Dec-12 25-Aug-22 2,379

Industrial Sector Index Sectoral Index 21-Dec-12 25-Aug-22 2,379

Special Corporate Governance Stock Index Sectoral Index 21-Dec-12 25-Aug-22 2,379

Special Tag Along Stock Index Sectoral Index 21-Dec-12 25-Aug-22 2,379

Valor Bovespa Index Sectoral Index 21-Dec-12 25-Aug-22 2,379



40    Indian Journal of Finance • May 2024

utilized to examine the asymmetric characteristics of volatility clustering in response to positive and negative 
shocks. Finally, the GARCH-in-Mean (GARCH-M) model has been used to estimate the systematic impact of 
volatility in the mean equation of the return series.

Empirical Analysis and Results

Initially, we examine the DOW effect for selected Brazilian stock market sectors; the findings are shown in Table 
2. The coefficient of respective indices indicates the mean returns on Monday, while the coefficient of other days 
shows the difference between the mean return on Monday and the respective days. Unlike, in matured markets, 
none of the indices show any significant day of the week for Brazil. The unexpected conclusion is that none of the 
indices generates a meaningful return for the Brazilian stock market, not even on Mondays, which offer notable 
negative returns for developed markets. We conclude that there is a missing DOW for the Brazilian stock indices.

After that, we look at the MOY effect for nine sample indices. In comparison to January, we discover that 
February, March, April, and July offer noticeably higher returns. Table 3 shows that April shows the most 
significant MOY effect as eight out of the nine indices provide significant positive returns, while in February, 
March and July, five of the eight indices provide significant positive returns.

Next, we evaluate the TME and HE and their results are given in Tables 4 and 5. We did not find any significant 
results for these two anomalies for any of the sample indices of Brazil. Thus, contrary to matured markets, we 
conclude that among the various calendar anomalies, only the MOY effect is significant for Brazil.

Finally, we investigate the volatility clustering of all the nine sample indices selected for the Brazilian 
economy. We observe volatility clustering in three different ways. In order to check whether volatility clustering is 

Table 2. DOW Effect

Indices    Alpha  Tuesday Wednesday Thursday Friday F-stats. 

Bovespa Index COEF.  –0.0004 0.0007 0.0006 0.0008 –0.0001 0.2607

  P – VAL.    0.7069 0.6046 0.6540 0.5084   0.9389 0.9032

Brazil 50 Index COEF.  –0.0002 0.0006 0.0005 0.0005 –0.0003 0.2188

  P – VAL.   0.8516 0.6636 0.6988 0.6890   0.8143 0.9281

Brazil Index COEF.  –0.0002 0.0006 0.0005 0.0007 –0.0002 0.2541

  P – VAL.   0.8589 0.6500 0.6889 0.5988   0.8339 0.8907

Corporate Sustainability Index COEF.  –0.0002 0.0009 0.0004 0.0007 –0.0003 0.4622

  P – VAL.   0.8106 0.4251 0.7151 0.5647   0.7668 0.7635

Electric Power Index COEF.  –0.0001 0.0004 0.0003 0.0011   0.0005 0.4428

  P – VAL.   0.9049 0.6516 0.7431 0.2120   0.5922 0.7745

Industrial Sector Index COEF.  –0.0005 0.0008 0.0005 0.0017   0.0000 0.9095

  P – VAL.   0.5743 0.4516 0.6671 0.1259   0.9769 0.3926

Special Corporate Governance Stock Index COEF.  –0.0004 0.0009 0.0008 0.0010   0.0004 0.3189

  P – VAL.   0.6293 0.4250 0.5170 0.3842   0.7109 0.8967

Special Tag Along Stock Index COEF.  –0.0004 0.0010 0.0009 0.0010   0.0004 0.3481

  P – VAL.   0.6310 0.4031 0.4375 0.3841   0.7232 0.8735

Valor Bovespa Index COEF.  –0.0003 0.0010 0.0004 0.0012   0.0003 0.5254

  P – VAL.   0.6926 0.3730 0.6979 0.2478   0.7982 0.7303
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Table 5. Halloween Effect

Indices    Alpha  D (Halloween) F-stat.

Bovespa Index COEF.  –0.0003 0.0008 1.1300

  P – VAL.   0.5071 0.2381 0.2381

Brazil 50 Index COEF.  –0.0003 0.0008 1.0737

  P – VAL.   0.5598 0.2463 0.2463

Brazil Index COEF.  –0.0002 0.0008 1.1468

  P – VAL.   0.6238 0.2318 0.2318

Corporate Sustainability Index COEF.  –0.0001 0.0005 0.6616

  P – VAL.   0.7758 0.3589 0.3589

Electric Power Index COEF.    0.0000 0.0007 1.7601

  P – VAL.   0.9353 0.1709 0.1709

Industrial Sector Index COEF.  –0.0001 0.0005 0.7130

  P – VAL.   0.8064 0.3724 0.3724

Special Corporate Governance Stock Index COEF.  –0.0001 0.0007 1.0068

  P – VAL.   0.8034 0.2700 0.2700

Special Tag Along Stock Index COEF.    0.0000 0.0006 0.7021

  P – VAL.   0.9657 0.3622 0.3622

Valor Bovespa Index COEF.    0.0000 0.0006 0.9750

  P – VAL.   0.9387 0.2557 0.2557

Table 4. Trading Month Effect

Indices    Alpha  D (First-Fortnight) F-stat.

Bovespa Index COEF.  0.0001 –0.0001 0.0163

  P – VAL. 0.8213   0.8886 0.8886

Brazil 50 Index COEF.  0.0002 –0.0003 0.1881

  P – VAL. 0.5663   0.6335 0.6335

Brazil Index COEF.  0.0003 –0.0004 0.3327

  P – VAL. 0.4097   0.5261 0.5261

Corporate Sustainability Index COEF.  0.0005 –0.0007 1.0237

  P – VAL. 0.2376   0.2674 0.2674

Electric Power Index COEF.  0.0008 –0.0008 2.1554

  P – VAL.      0.0259**   0.1285 0.1285

Industrial Sector Index COEF. 0.0003 –0.0004 0.3268

  P – VAL. 0.3856   0.5289 0.5289

Special Corporate Governance Stock Index COEF.  0.0005 –0.0006 0.7755

  P – VAL. 0.2060   0.3301 0.3301

Special Tag Along Stock Index COEF.  0.0005 –0.0005 0.5132

  P – VAL. 0.2381   0.4381 0.4381

Valor Bovespa Index COEF.  0.0006 –0.0006 1.0480

  P – VAL. 0.101*   0.2483 0.2483

Note. The Newey-West robust estimates are used to estimate the results. * and ** represent significance at the 
10% and 5% levels, respectively.
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observed for the sample data or not, we first use the GARCH model. Next, we apply the threshold GARCH               
( -GARCH) model to check if positive or negative shocks lead to dissimilar volatility. In the final stage, we use T
the GARCH–in–Mean model to investigate volatility within the mean equation. Table 6 displays the findings of 
our volatility clustering analysis, and it is clear that the Brazilian stock market has a significant volatility 
clustering impact. All of the indexes' GARCH coefficients demonstrate statistical significance, suggesting that the 
Brazilian stock market goes through protracted spikes in volatility interspersed by dips in volatility.

Next, we evaluate whether volatility clustering is happening because of positive or negative news by applying 
the -GARCH model. We find all the -GARCH coefficients to be positive and significant for all the indices, T T
implying –ve news has a higher volatility impact than +ve news for the Brazilian stock market. Thus, the price fall 
owing to –ve news is greater than the increase due to +ve news. In the last stage, we use the GARCH-  model in M
order to evaluate the existence of volatility in the mean equation. The coefficients of the GARCH-  model show M
significant positive values for all sample indices. This implies that favorable risk premiums correspond with 
positive DOW returns. This suggests that some investors are aware of atypical results on particular days in the 
Brazilian markets. But to balance out these excess returns on certain particular days, they look for additional 
typical returns. In summary, there is a notable presence of pronounced volatility clustering in the Brazilian 
markets. Furthermore, our analysis discovers that the effect of –ve news is greater for sustaining volatility than 
+ve news. Additionally, investors are demanding positive risk premiums to achieve higher expected returns.

Table 6. Volatility Clustering

Indices    ARCH T-GARCH GARCH GARCH-M

Bovespa Index COEF.  0.0211 0.1049 0.9039 1.8867

  P – VAL.      0.0308**    0***    0***      0.0756**

Brazil 50 Index COEF.  0.0216 0.1005 0.9075 2.0280

  P – VAL.      0.0262**    0***    0***   0.0536*

Brazil Index COEF.  0.0240 0.1030 0.9048 2.3021

  P – VAL.      0.0158**    0***    0***      0.0351**

Corporate Sustainability Index COEF.  0.0267 0.1115 0.8992 2.7137

  P – VAL.        0.0086***    0***    0***      0.0202**

Electric Power Index COEF.  0.0724 0.0888 0.8516 4.1981

  P – VAL.    0***    0***    0***      0.003***

Industrial Sector Index COEF.  0.0216 0.1149 0.9018 2.9023

  P – VAL.      0.0245**    0***    0***      0.0179**

Special Corporate Governance Stock Index COEF.  0.0297 0.1104 0.8982 2.9114

  P – VAL.        0.0031***    0***    0***     0.0128**

Special Tag Along Stock Index COEF.  0.0357 0.1086 0.8924 2.9678

  P – VAL.        0.0007***    0***    0***        0.0083***

Valor Bovespa Index COEF.  0.0207 0.1444 0.8798 3.4853

  P – VAL.      0.0494**    0***    0***     0.005***

Note. The Newey-West robust estimates are used to find the results. *, **, and *** represent significance at 10%, 
5%, and 1% levels, respectively.
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Discussion 

The debate on the effect of calendar anomalies for matured markets has caught the attention of researchers in 
emerging markets to conduct such studies. This study observes the effect of major calendar anomalies on the 
Brazilian stock market. Apart from studying return patterns, the research also analyzes the nature and patterns of 
volatility clustering for the sample country. We chose nine indices of the Brazilian stock market from the EMIS 
database. We have chosen to test calendar anomalies using a regression model using dummy variables. First, we 
examine the DOW effect in our analysis. We discovered the DOW effect is absent for Brazil (including Monday) 
in contrast to previous research. Furthermore, we find the April effect to be the most significant effect in the MOY 
test. We do not find any significant TME or HE for Brazil. Thus, among the various calendar anomalies being 
tested, we find the MOY effect to be the only significant anomaly found for Brazil. Finally, we find a strong 
volatility clustering effect for the Brazilian stock market. We further find that the negative impact of negative news 
is more pronounced as compared to positive news in Brazil. Finally, by applying the GARCH-M model, we find 
all coefficients to be significantly positive, implying higher returns are accompanied by higher risk.

Implications 

Our study has implications for market participants, regulators, and academics. For market participants, we find a 
significant MOY effect, and market participants can exploit this anomaly to form a profitable trading strategy for 
Brazil. Additionally, regulators are able to determine if the calendar irregularities are the result of regulatory 
inefficiencies or microstructure problems. For instance, press announcements can be made during non-trading 
hours to address the persistence of bad news. In conclusion, we add to the body of literature by researching 
calendar effects in the context of emerging markets. 

Limitations of the Study and Scope for Further Research

Similar inquiries in other developing economies can be based on this study. By contrasting these markets' 
performances, foreign investors may be able to benefit from strategic investments in a variety of markets. The 
study of anomalies highlights the significance of behavioral finance and the necessity for more research in this 
field. Artificial intelligence is also a major factor in the decisions made by a variety of investors and portfolio 
managers. Although the stock markets have been the focus of our investigation, other asset classes such as gold, 
silver, and forex might also be included. Consequently, this study opens the door for future research to thoroughly 
examine the anomalies that have been discussed in a variety of asset classes and financial markets as well as the 
direction of information flow. This will result in the development of more insightful strategies for investors, 
portfolio managers, arbitragers, speculators, and other market participants.
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