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Abstract: 

Sell in May and Go Away is a calendar anomaly suggesting that the winter period from 
November to April has, on average, been observed to outperform the period from May to 
October. Studies supporting this anomaly recommend investing in financial instruments 
during winter months and switching to risk-free bonds during summer. This research 
examines the statistical occurrence and profitability of the Sell in May and Go Away anomaly 
as an investment strategy in the IT sector of the U.S. stock market from 2013 to 2022. The 
anomaly is compared to the Buy and Hold strategy, and the study uses three S&P Dow Jones 
indices covering large-, mid-, and small-size IT companies. The study utilizes linear 
regression analysis, various indicators, and performance measures to analyze the anomaly’s 
development and the factors influencing it. 

The research findings indicate that the Sell in May and Go Away anomaly is not statistically 
significant across any index, and the winter period has not consistently outperformed the 
summer period. In comparing strategies, the results favour the Buy and Hold strategy, with 
the anomaly failing to demonstrate superior profitability despite its notable cumulative 
returns during the evaluation period. While there are variations among the indices in the 
results, they nonetheless indicate similar trends over the long term for large, mid-sized, and 
small IT companies. The dynamism of the IT sector, increased investor interest in the 
industry, the specific examination period in recent years, and thus, a more modern approach 
may be significant factors behind the results. 
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Tiivistelmä:  

Sell in May and Go Away on kalenterianomalia, jonka mukaan talvikuukausiksi luokiteltu 
periodi marraskuusta huhtikuuhun on keskimäärin havaittu tuottavan paremmin kuin 
ajanjakso toukokuusta lokakuuhun. Anomaliaa puoltavat tutkimukset kehottavatkin 
sijoittamaan riskillisiin sijoitusinstrumentteihin talvikuukausien aikana ja kesän ajaksi 
puolestaan vaihtamaan riskittömään korkoon. Tämä tutkimus tutkii Sell in May and Go Away 
anomalian tilastollista esiintyvyyttä sekä kannattavuutta sijoitusstrategiana IT sektorilla 
Yhdysvaltain osakemarkkinoilla vuosina 2013–2022. Anomaliaa verrataan Osta ja Pidä 
strategiaan ja työssä käytetään kolmea S&P Dow Jones indeksiä, jotka kattavat suuret, 
keskisuuret sekä pienet IT-alan yritykset. Tutkimuksessa hyödynnetään lineaarista 
regressioanalyysiä sekä erilaisia indikaattoreita ja suorituskyvyn mittareita analysoimaan 
anomalian kehitystä ja sen taustalla vaikuttavia tekijöitä. 

Tutkimustulokset osoittavat, että Sell in May and Go Away anomalia ei ole tilastollisesti 
merkitsevä millään indeksillä, eikä talviperiodi ole läheskään aina tuottanut paremmin kuin 
kesäperiodi. Strategioiden vertailussa tulokset puoltavat Osta ja Pidä -strategiaa, eikä 
anomalia ole osoittanut parempaa kannattavuutta huolimatta sen merkittävästä 
kumulatiivisesta tuotosta tarkasteluperiodin aikana. Vaikka tuloksissa on eroja indeksien 
välillä, osoittavat ne kuitenkin samansuuntaisia trendejä pidemmällä aikavälillä niin suurten, 
keskisuurten kuin pienten IT yritysten keskuudessa. IT-alan dynaamisuus, sijoittajien 
kasvanut kiinnostus alaa kohtaan sekä viimevuosien tarkasteluperiodi ja täten 
nykyaikaisempi lähestymistapa voivat olla merkittäviä tekijöitä tulosten taustalla.
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1  INTRODUCTION 

The world is a whole of established theories and models according to different areas of life. 

The financial world has its own, from currencies to derivatives. The Efficient Market plays 

a crucial role in financial theory, according to which securities’ prices incorporate all 

available information (Fama, 1970). The exchange of all public information among investors 

spread in the blink of an eye, causing continuous fluctuations in the values of financial assets. 

In other words, the market trades on securities-related information. According to this theory, 

investors would not have the opportunity to achieve a surplus in the long run and become 

their own life’s Scrooge McDuck just like that. (Knüpfer & Puttonen, 2018, p. 168) 

Nevertheless, abnormal phenomena whose existence is beyond traditional theories and that 

have confused many researchers worldwide have been observed in the financial markets. 

These phenomena include outliers that break economic models and market efficiency 

accepted by investors and other market participants. These phenomena are called anomalies. 

Contrary to the principles of conventional theories, anomalies present investors with 

opportunities to beat the market using diverse strategies. Investors have devised numerous 

such strategies to achieve risk-adjusted returns. One of the known anomalies is calendar 

anomalies covering different phenomena according to periodic changes. These anomalies 

are identified at various points in the calendar, with some tied to monthly fluctuations and 

others linked to weekdays. (Plastun & Kozmenko, 2019) A seasonal effect known as the Sell 

in May and Go Away, alternatively referred to as the Halloween effect (Zacks, 2011, p. 221), 

has intrigued investors and researchers for a long time. The phenomenon’s name itself 

provides a clue regarding the timeframe it pertains to.  

As winter transitions into early spring, a period unfolds where nature awakens, filling the 

world with vibrant colours and scents. In this context, May takes on particular significance 

due to its association with nature’s rebirth and its impact on the stock market. Historically, 

the summer period has seen a decline in stock prices, which aligns with the Sell in May and 

Go Away phenomenon. Up to October, investors tend to abstain from actively participating 

in the financial markets. In their research, Bouman and Jacobsen (2002) showed a 

remarkable difference between the performance of returns in the November to April intervals 

and in the May to October. In the first-mentioned period, returns tend to be larger in most 
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countries since the research showed the presence of the anomaly in 36 of the 37 countries 

they analyzed.  

The Sell in May and Go Away presents a uniquely compelling subject for study, surpassing 

other seasonal anomalies in its interest and significance. Unlike other seasonal phenomena, 

this anomaly is not only limited to developed markets but also extends its influence into 

emerging markets, demonstrating a broader presence. Furthermore, the anomaly stands out 

for its resistance to Murphy’s law, outlined by Dimson and Marsh (1999). According to this 

principle, when a noticeable anomaly becomes widely known, it frequently disappears or 

reverses. In contrast to numerous seasonal phenomena, the Sell in May and Go Away does 

not tend to vanish or reverse after being identified. Intriguingly, it persists despite investors 

having gained awareness of its existence. (Bouman & Jacobsen, 2002) 

The anomaly has been examined for years across different markets worldwide, although 

much research has been focused on the U.S. stock market. The United States provides a 

diverse and dynamic environment that attracts researchers and investors. The U.S. stock 

market can be seen as the forefront of the economy, making it a significant global 

benchmark. In addition to the Sell in May and Go Away anomaly, calendar anomalies 

encompass other phenomena, including the January effect, the day-of-the-week effect, and 

the turn-of-the-month effect (Varvouzou, 2013, p. 27). Some of these anomalies have been 

extensively researched, surpassing the attention given to the Sell in May and Go Away. 

Moreover, beyond calendar anomalies, other anomalies have been observed in stock 

markets, such as the size and value anomalies and the momentum anomaly (Zacks, 2011, p. 

173, p. 265) 

1.1  Research objectives 

This thesis examines the effectiveness of the Sell in May and Go Away anomaly as an 

investment strategy in the U.S. stock market. The research specifically focuses on the 

Information Technology sector (IT), utilizing the S&P 500 IT Index, the S&P MidCap 400 

IT Index, and the S&P SmallCap 600 IT Index as the study’s indices. The first research 

question explores whether the Sell in May and Go Away is statistically significant or not in 

the IT sector of the U.S. stock market. The second research question concentrates on the 
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anomaly’s profitability as an investment strategy compared to the conventional Buy and 

Hold strategy. The sub-question complements the main questions by considering behaviors 

based on company-size. The primary research questions are phrased as follows: 

 

 Q1 Is the Sell in May and Go Away phenomenon statistically significant in the IT sector of 

the U.S. Stock Market? 

 

Q2 Does the Sell in May and Go Away investment strategy outperform the Buy and Hold 

strategy? 

 

Sub-Question is formulated as follows: 

 

Q3 Are there differences between the major, medium-sized and small-sized IT companies? 

 

The research is executed as a quantitative analysis, and the data is gathered using the 

Refinitiv (Eikon) database. The core premise underpinning this study is the null hypothesis, 

which posits the efficiency of financial markets. In essence, it presupposes the absence of 

any discernible anomalies within the returns of the selected IT indices. The significance of 

these findings extends to the realm of investors, for should any evidence of such anomalies 

materialize, it would imply the potential for investors to leverage these abnormal phenomena 

to their advantage strategically. The Sell in May and Go Away effect, while less widely 

examined than some other financial anomalies, presents an exciting opportunity for further 

exploration, particularly within the context of sector-specific behaviors.  

The IT sector is asserting its dominance within the services-production sector as its role in 

shaping modern business and communication becomes increasingly vital. The sector 

significantly contributes to the growing digital economy by creating cutting-edge 

technologies and disseminating innovation across various economic sectors. This synergy 

drives continuous progress and prosperity.  The sector’s remarkable strength is evident as it 

not only endured but thrived during the slow recovery in the U.S. economy. Between 2008 

and 2017, it saw a considerable 77 % growth, increasing its annual value-add from $ 835 

billion to $ 1480 billion. (Makada et al., 2019). Despite its modest size, the IT sector exerts 

outsized influence, shaping the essence of the global economy and daily lives.  
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1.2  Delimitations 

To begin with the limitations, the indices chosen for examination in this review are the S&P 

500 IT Index, the S&P MidCap 400 IT Index, and the S&P SmallCap 600 IT Index. These 

indices comprise IT sector companies of large-, mid- and small sectors within the U.S. stock 

market. Incorporating the companies’ sizes into the analysis improves comparability and 

comprehensiveness. The general indices of the selected IT indices have been widely studied, 

with the S&P 500 index being among the most followed globally. This study’s division 

within the IT sector contributes additional value to assessing the sector’s performance, which 

has been significantly less explored in examining calendar anomalies. The role and weight 

of the IT sector in indices has significantly increased, for instance, covering over a quarter 

of all sectors in the S&P 500 Index (S&P Dow Jones Indices, 2023a). 

The timeframe is another limitation of this thesis. The research focuses on ten years: 2013 – 

2022. The timeframe is suitable for distinguishing anomalies from random fluctuations, as 

it captures short-term market variations and long-term trends. Ten years is valuable for 

assessing calendar anomalies and Buy and Hold strategies’ performance across economic 

cycles. Furthermore, the anomaly has been studied less in recent years, making it as relevant 

subject for investigation. The timeframe also aligns with the typical investment horizon, 

providing practical insights relevant to investors and other market participants. A shorter 

timeframe may pose an issue that undermines the reliability of the research.  

1.3  Research structure 

The research proceeds as follows. After the introduction, the theoretical framework is 

represented in Chapter 2. The first part of the chapter deals with the fundamental theories 

and concepts, and the second explores the literature pertaining to the anomaly. Chapter 3 

presents the indices of the study, chosen data, and the quantitative methods. Chapter 4 shows 

the data evaluation and the outcomes of the analysis. The conclusions and discussion are 

introduced in the last chapter. 
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2  THEORETICAL FRAMEWORK 

This chapter provides a foundational outline for the study. It commences with an 

introduction to the Efficient Market Hypothesis conducted by Fama (1970) and the theory 

of Behavioral finance. Then, it delves into the literature, exploring the Sell in May and Go 

Away effect.  

2.1  Key theories and concepts 

The primary objective of financial markets is to facilitate the allocation of finance from 

surplus to deficit sectors (Knüpfer & Puttonen, 2018, p. 52). Efficient markets are essential 

for guiding investment decisions for both investors and society at large. Subsequently, this 

section familiarizes the reader with the theory of behavioral finance, which significantly 

impacts the subject of this study.  

2.1.1  Efficient Market Hypothesis and Random walk 

Market efficiency is a fundamental concept in understanding asset pricing. Following 

Fama’s (1970) research, the Efficient Market Hypothesis (EMH) asserts that market prices 

incorporate all available information. This implies that financial markets promptly adapt to 

new information, positing challenges for investors seeking consistent outperformance and 

risk-adjusted returns. Fama (1970) introduced three classifications of market efficiency: 

1. Weak-form efficiency signifies that market prices have previously integrated 

historical public information, making it challenging for investors to achieve excess 

returns by analyzing past market price data.  

2. Semi-strong efficiency indicates that the prices adjust swiftly to respond to new 

public information. In such a situation, the only way to attain excess returns is 

through access to insider information.  

3. Strong market efficiency represents a state wherein no investor can attain a 

competitive advantage over others, even if they are privy to insider information.  
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In the matter of strong-form efficiency, market prices reflect entirely both private and public 

information. (Fama, 1970; Francis & Kim, 2013, p. 395-396) 

Rational information process, structural knowledge, and unrestricted arbitrage describe a 

competitive market equilibrium. These conditions collectively ensure market efficiency and 

reflect a state of balance. (Zacks, 2011, p. 2) Moreover, an essential condition for market 

efficiency to be valid is that stock prices display unpredictability and random behavior. This 

pricing mechanism within the securities market is primarily called a random walk. The 

principle of a random walk process guarantees that future prices cannot be forecasted using 

publicly available information. (Bodie et al., 2008, p. 358-359) If calendar anomalies were 

to appear in the U.S. stock markets, it would imply that the random walk process cannot 

transpire concurrently. Therefore, anomalies could serve as a potential explanation for 

mispricing.  

Nonetheless, the unpredictability of price fluctuations should not be mistaken for 

irrationality in price levels. In a rational market, prices change only when new information 

becomes available. Therefore, a random walk emerges as a natural outcome when rational 

investors respond to unpredictable and random new information. If stock prices could be 

predicted, it would suggest that all relevant information needs to be fully incorporated into 

stock prices, indicating potential inefficiencies in the stock markets. This concept closely 

links to the EMH, which posits that stocks already encompass all available information. 

(Bodie et al., 2008, p. 358-359)   

The EMH has emerged in numerous studies and aroused discussion and interest over the last 

decades. A large variety of studies has explored the three types of EMH. Most of these 

studies have contradicted the semi-strong and strong forms, with the weak EMH receiving 

mixed support and rejection. Dias et al. (2020) studied the weak-form efficiency in U.S., 

Chinese and European capital markets during the Covid-19 pandemic. They found mixed 

evidence on the validity of EMH. Specifically, the random walk hypothesis faced rejection 

for analyzed stock indices in the USA, China, and Portugal while approved in Spain and 

Ireland. The hypothesis was partially declined in Belgium, France, Germany, and Greece. In 

the context of EMH research, anomalies play a pivotal role. By challenging the core 

principles of EMH, anomalies indicate opportunities for higher returns. Extensive research 

conducted by investigators and market participants has concentrated on anomalies, aiming 
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for a deeper understanding of EMH’s limitations and the development of strategies to exploit 

market inefficiencies. 

One of the studies supporting the EMH is by Malkiel (2003), who found that capital markets 

exhibit greater efficiency and are less predictable than suggested by many other researchers 

in their papers. His study strongly indicated that abnormal stock price behavior does not 

provide a practical opportunity for investors to achieve high risk-adjusted returns through 

portfolio trading, as anomalies usually fail to cover the transaction costs incurred when 

aiming for abnormally positive returns. He stated that despite anomalies, capital markets can 

maintain their efficiency. Fama (1998) researched long-term return anomalies, and the 

findings also supported the existence of EMH. His study suggested that most long-term 

anomalies dissipate with sensible changes in methodology.  

Although the EMH has gained a lot of support and strong evidence of its validity, it has also 

faced criticism and rejection. Fama and French (1988) found that stock returns displayed a 

weak negative autocorrelation over daily and weekly periods, which became more vital for 

extensive periods. As a result, short-term price fluctuations might not follow a random walk, 

indicating possible inefficiencies or predictability. Another study challenging EMH was 

conducted by DeBondt et al. (1985), who found evidence of weak-form market 

inefficiencies. Their findings showed that markets tend to exaggerate surprising news, 

resulting in prior “losers” regularly outperforming “winners”. Moreover, Al-Loughani and 

Chappell (1997) studied the weak-form EMH’s validity within the London FTSE 30 Index. 

Their research found that the index exhibited a non-random walk pattern, contradicting the 

notion of market efficiency.  

2.1.2       Behavioral finance 

Conventional theories assume that investors act rationally and accurately adjust their beliefs 

upon receiving new information. However, what if this assumption proves otherwise? 

Behavioral finance takes a different starting point by considering the possibility that 

investors might only sometimes behave rationally. During the early 1980s, the roots of 

behavioral finance began to grow within a select group of academics representing diverse 

fields, comprising economics, psychology, and engineering. Behavioral finance is an 
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established field that emerged due to the limited theoretical framework and insufficient 

evidence supporting existing finance theories related to investors’ decision-making. 

(DeBondt et al., 2010)  

Behavioral finance delves into the process of investor behavior, acknowledging that 

investors exhibit irrational tendencies and are prone to human mistakes. It challenges the 

EMH, which relies on the assumption of rationality among individual investors and money 

managers. Behavioral finance is essential for investors, allowing them to understand 

emotional aspects when making comprehensive investment decisions. (Ramiah et al., 2015) 

It has two core foundations. First, the limited arbitrage in real-world securities markets 

results from the need for perfect substitutes for many securities, leading to inherent risks. 

The primary principle of arbitrage is to profit from price differences between various assets 

or markets. In this case, these limitations can result in increased risk. Limited arbitrage 

remains a high risk as prices may fail to convey information, even when suitable substitutes 

exist accurately. Moreover, prices can be influenced by uninformed fluctuations in demand. 

The second foundation is irrational investor sentiment, which can lead to price disturbances. 

Both foundations are essential when studying behavioral finance. (Shleifer, 2000, p. 24) 

Several studies have been undertaken to explore various aspects of the topic, of which one 

of the earliest was studied by Kahneman and Tversky (1979). They introduced the “prospect 

theory”, a behavioral pattern that explains how people make decisions under risky 

conditions. Under these circumstances, the probability of returns cannot be determined with 

certainty, which closely links to prejudices and heuristics. In their paper, Kahneman and 

Tversky (1979) found that people tend to play it safe and avoid risks when they are in 

situations where they have the chance to make sure gains. Conversely, when faced with 

inevitable losses, people are more risk tolerant. In summary, their findings suggest that losses 

tend to evoke more robust emotional responses in individuals when compared to gains. 

Behavioral finance investigates market anomalies unexplained by conventional theories, 

prompting researchers to utilize behavioral models to understand better stock market 

irregularities influenced by psychological factors and biases. As summarized by Statman 

(1999): “People are “rational” in standard finance; they are “normal” in behavioral finance”, 

continuing that “We would benefit from the insights of behavioral finance by accepting 

market efficiency in the beat-the-market sense but rejecting it in the rational sense”.  
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Recognizing the influence of human behavior and irrationality in financial decision-making 

underscores the significance of customized investment strategies that consider various traits 

of investors.  

2.2  Literature review 

The studies have shown that markets are only sometimes efficient since certain frequently 

occurring phenomena have been observed to challenge these efficiency principles. In the 

Capital Market framework, predictable deviations from the efficient markets can allow 

investors to earn nonzero risk-adjusted returns. Calendar anomalies, including the Sell in 

May and Go Away, recur patterns and trends during certain times of the year, challenging 

the random-walk hypothesis and suggesting potential inefficiencies in the capital markets.  

2.2.1  Sell in May and Go Away  

At the focal point of this study lies the analysis of the Sell in May and Go Away effect, also 

popularly referred to as the Halloween effect, and its profitability as an investment strategy. 

According to this anomaly, average stocks produce nearly zero returns from May to October. 

The anomaly suggests that these months are historically less favorable for stock market 

performance. On the other hand, the noteworthy risk premium is observed primarily from 

November to April. Investors are usually more active in winter, leading to more robust 

market performance. Simply put, the strategy involves selling stocks by late April, 

repurchasing them by late October, and securely placing all proceeds in risk-free assets in 

the interim duration. (Maberly & Pierce, 2004) 

Previous studies have observed a couple of alternative explanations for the phenomenon. 

Firstly, Bouman and Jacobsen (2002) conducted comprehensive research, delving into many 

explanations in some detail. As a result, they could exclude the common explanations, for 

example, data mining, interest rate and trading volume. The January effect – another well-

known calendar anomaly – could also be ruled out. Furthermore, their investigation did not 

uncover evidence that the effect is attributable to sector-specific factors, which might be 

relevant to this thesis. The S&P 500-, 400 and 600 -IT indices, being sector-specific, do not 

likely make differences from other indices; instead, the explanation for the effect is due to 
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other factors. Bouman and Jacobsen’s (2002) research showed that the phenomenon notably 

correlates with the holiday duration and influence on trading volume in different countries.  

Secondly, Kamstra et al. (2003) considered the psychological impact of SAD – seasonal 

affective disorder – as a reason for the Sell in May and Go Away. Psychological research has 

consistently shown that depression is linked to reduced risk-taking behavior; the same 

applies to financial markets. Depression is associated with various environmental factors, 

including sunshine, temperature, and day length. Among these factors, the day’s duration is 

the most decisive influence in seasonal depression. Their research discovered that the SAD 

-effect is more substantial in the northern hemisphere than in the southern hemisphere. 

Therefore, in the case of this study, SAD will likely impact the Sell in May and Go Away as 

the United States is in the northern hemisphere. Kochman et al. (2014) proposed that the Sell 

in May and Go Away endures as a “self-fulfilling prophecy”. Many investors believe the 

stocks will perform better in November-April and consequently exert appropriate buying 

and selling pressure. This collective behavior, rooted in shared anticipation, might contribute 

to perpetuating phenomenon.  

Several studies have examined the anomaly, with varying results concerning its existence. 

While some studies support it, others do not, which, as noted by Bouman and Jacobsen 

(2002), renders it a fascinating puzzle. Hong and Yu’s (2009) study delved into the seasonal 

dynamics of trading activity and asset prices during vacation periods, particularly the 

summer, across 51 stock markets. The findings proved that trading activity decreases during 

the summer as market participants take summer vacations. Countries with reduced trading 

activity also experienced lower average returns, irrespective of volatility fluctuations. In 

addition, Haggard et al. (2015) study provided evidence that the anomaly has become more 

pronounced since its initial recognition and the influence of outliers plays a role on the 

effect’s persistence. Dzhabarov and Ziemba (2010) additionally concluded that the anomaly, 

dealing with longer-term predictions, maintains a similar level of reliability as observed in 

the past. 

Haggard and Witte (2010) demonstrated that the portfolio, formed of the Halloween effect, 

outperformed the Buy and Hold strategy, producing superior risk-normalized returns. The 

authors constructed the Halloween effect portfolio in the subsequent sequence: divesting 

stocks in early May, allocating funds to Treasury Bills, and acquiring stocks in late October 
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or early November. They demonstrated that the effect remains robust even when accounting 

for outliers, the influence of the January effect and transaction expenses. Haggard and Witte 

(2010) concluded that the Halloween effect emerges as a profitable strategy for investors due 

to its minimal transaction frequency and predictable transaction dates. Andrade et al. (2013) 

also supported the anomaly’s existence. By conducting a test beyond the sample data, their 

findings consistently showed that, on average, stock returns from November to April 

surpassed those from May to October by a significant 10 %. The study concluded that the 

Sell in May and Go Away is consistently present across various financial markets.  

Most prior research has predominantly centered on the U.S. equity market. Shen (2017) 

investigated the existence of the Sell in May and Go Away in the U.S. markets from 1987 to 

2017 using the S&P 500, NASDAQ, DJIA and RUSSEL 3000 indices. The study showed 

that the yields were more elevated throughout the winter season, spanning from November 

to April, in contrast to May-October, indicating the anomaly’s existence in the U.S. stock 

markets. On the other hand, when comparing this strategy to the Buy and Hold strategy, Shen 

(2017) observed an increased profit only with the DJIA index. However, Shen (2017) 

highlighted the strategy’s effectiveness based on the anomaly when investing in low-risk 

and short-term government bonds during the summer period.  

Jacobsen and Visaltanachoti (2009) delved into the sector performance of the Halloween 

effect in the U.S. stock market. The technology sector, and thus the IT industry, had not been 

categorized separately but presumably fell under the category “others”. Their analysis, 

covering 1926 to 2006, revealed that U.S. stock market sectors exhibit more robust 

performance during winter than summer. The impact is statistically notable in over two-

thirds of the sectors they examined. However, the intensity of the anomaly differs 

remarkably throughout these sectors: while sectors related to consumer consumption showed 

a minimal effect, production-related sectors displayed a substantial effect. The IT sector can 

usually be categorized as a production-related sector due to its creation and development of 

technology and software. On the other hand, it also includes aspects of consumer 

consumption.  

Carrazedo et al. (2016) investigated the anomaly in the European stock market sectors. They 

discovered a mean monthly surplus gain of 1.8 % from November to April compared to 

summer. An interesting finding was that even though the winter months are associated with 
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lower risk, they yielded better rewards than summertime. The Halloween effect strategy 

surpassed the Buy and Hold approach in the study’s 8 out of 10 analyzed indices. The 

authors’ potential explanation could be linked to the adverse average yields observed from 

May to October, contrasting with the remarkable performance of the winter months. Lobão 

and Costa (2023) analyzed the Halloween effect in the Portuguese stock market over 120 

years. They found that the anomaly’s performance has changed over time, existing in the 

early 20th century, disappearing for 60 years, and resurfacing in the early 21st century. In 

recent years, it appeared to be influenced by the January effect, supporting the Adaptive 

Market Hypothesis – positing dynamic financial markets, with changes in the predictability 

of returns over time – for the Portuguese stock market.  

The phenomenon has also been studied in emerging markets. Almeida et al. (2022) 

investigated the investment strategy of Sell in May and Go Away within seven countries in 

Latin America from 1997 to 2020. In these Latin American markets, their study indicated 

that the strategy did not surpass the Buy and Hold strategy, which aligns with the weak form 

of EMH. On the contrary, opposite results were shown by Guo et al. (2014), whose research 

suggested the appearance of the Sell in May and Go Away anomaly in Chinese stock markets. 

Their study recognized that the earlier discussed SAD effect influenced the anomaly, 

demonstrating that the strategy based on the anomaly performed better than the Buy and 

Hold strategy. 

Chui et al. (2020) brought an interesting perspective on the anomaly by examining a similar 

but slightly different version of the Halloween effect. The Easter market saying, “May is 

poor, June is bleak, and July will turn around”, introduces the concept of the “Eastern 

Halloween” effect. Originating from Hong Kong, this phenomenon signifies lower yields in 

May, a further decline in June, and a subsequent rebound towards an upward trend in July. 

Despite its roots, this effect has not gained widespread recognition as an established anomaly 

in international stock markets. In contrast to conventional risk evaluation methods like the 

volatility index, their study rejected them in favor of stochastic dominance criteria for 

assessing the Eastern Halloween effect. A notable strength of this approach is its reliance on 

minimal assumptions concerning return distribution or investor risk preferences. As a result 

of their study, Chui et al. (2020) showed that the Eastern Halloween effect appeared in Asian 

countries such as Japan, Singapore, and Taiwan and in Europe, such as Germany and France. 
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Their study also revealed that the effect outperformed the Buy and Hold strategy across all 

examined markets, apart from China and Korea.  

Waggle and Agrrawal (2018) examined the anomaly for large-, mid- and small stock returns 

in the U.S., focusing on the election-year effect. They found that although the anomaly 

endured over the long term, it did not appear in non-election years because of no significant 

distinction in the periods May-October and November-April. The authors emphasized that 

if the Sell in May and Go Away is an actual calendar anomaly, it should be apparent in 

election and non-election years, which their study rejects. Nonetheless, their study found 

differences in returns by post-election performance, according to which November-April 

exhibited larger returns than May-October across all three portfolio sizes. There was no 

significant impact regarding company size, with portfolios yielding relatively similar trends.  

The phenomenon has also received criticism in the literature. Lucey and Zhao (2008) did not 

find strong evidence that the strategy based on the Sell in May and Go Away surpasses the 

Buy and Hold, particularly when examining late 20th-century data. Furthermore, the indicator 

lacks strong predictive abilities of market performance, especially for larger stocks. In 

conclusion, their research suggested that the anomaly’s effectiveness in the U.S. stock 

markets is weak. They also proposed that the anomaly may reflect the January effect, not 

being a pure seasonal market anomaly. Magnusson’s (2019) study offered limited backing 

for the hypothesis that mood wings linked to SAD might be responsible for annual cycles in 

stock market returns. The observed half-year cycles, particularly after the turn of the 

millennium, did not align well with the data, providing weak support for this connection. 

Dichtl and Drobetz (2015) investigated the Sell in May and Go Away strategy in various 

markets, with the U.S. represented by the S&P 500 total return index. Their study revealed 

a significant weakening and, in some cases, the disappearance of the anomaly in the past few 

years. 
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3  DATA AND THE RESEARCH METHOD 

This section introduces the stock indices and data used in the research. Additionally, the 

section outlines the research methodologies to explore the anomaly’s statistical existence 

and efficiency as a strategy.   

3.1  The study indices 

The IT industry is a significant driver of modern innovation, digitalization, and business 

efficiency, enabling extensive data processing. In this study, the U.S. stock market’s IT 

sector is represented by three indices covering large-cap, mid-cap, and small-cap companies. 

3.1.1  The S&P 500 Information Technology Index 

The S&P 500 is a primary U.S. stock market index that comprises 500 of the largest and 

most influential companies representing a broad range of sectors. Recognized as a globally 

accepted benchmark, it is pivotal in evaluating the comprehensive performance of the U.S. 

stock market, influencing asset allocation, and impacting the entire financial industry. 

Established in 1957, the index emerged as the United States’ pioneering capitalization-

weighted stock index. Indexes formed of the S&P 500, commonly known as “sector indices”, 

divide the S&P 500 into specific industry groups. These sector indices provide valuable tools 

to comprehend the performance of a particular market segment. The S&P 500 Information 

Technology Index examined in this study is part of this S&P 500 group. (S&P Dow Jones 

Indices, 2023a) Figure 1 represents the sector breakdown of the general index.  
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Figure 1. S&P 500 Index – sector breakdown (S&P Dow Jones Indices, 2023a) 

The picture expresses visually that the IT sector covers over a quarter percentage of all 

sectors, highlighting its substantial presence in the market.  

The S&P 500 IT Index consists of the significant enterprises that are part of the S&P 500 

and belong to the IT industry categorized by the Global Industry Classification Standard 

(GICS). Therefore, its sector breakdown is 100 % Information Technology. It operates as a 

subindex to the S&P 500 and was established on June 28, 1996. According to its latest 

factsheet, the index comprises 64 constituent companies. The most significant by index 

weight among these are Microsoft Corp, Apple Inc., Nvidia Corp and Broadcom Inc. (S&P 

Dow Jones Indices, 2023b) Figure 2 illustrates the performance of the index and its general 

index. 

 

 
Figure 2. Historical performance of total returns between the S&P 500 IT Index and the 
S&P 500 Index from 2014 to 2024 (S&P Dow Jones Indices, 2023b)  
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Figure 2 shows the development of indices over the last ten years. The S&P 500 IT Index 

has performed significantly better. On the other hand, its declines and increases are steeper 

and more sensitive than those of a benchmark index. 

3.1.2  The S&P MidCap 400 Information Technology Index 

The S&P MidCap 400 is a valuable tool for investors seeking to assess the performance of 

400 mid-sized companies. Figure 3 illustrates the sector breakdown of the index. (S&P Dow 

Jones Indices, 2023c) The S&P MidCap 400 Information Technology Index is a subset of 

its general mid-cap index, comprising enterprises classified under the GICS IT industry. It 

was established on June 19, 1991. As of the latest available information, this index includes 

41 constituents, of which the most top-weighted are Jabil Inc., GoDaddy Inc. A., and 

Manhattan Associates Inc. Figure 4 represents the performance of the mid-cap indices. (S&P 

Dow Jones Indices, 2023d) 

 

 
Figure 3. S&P MidCap 400 Index – sector breakdown (S&P Dow Jones Indices, 2023c) 

As seen in the S&P MidCap 400 sector breakdown, the IT sector accounts for 10%, making 

it the fourth largest sector. Its relative share is, thus, only third as large as in the large-cap 

index. Industrials form the largest sector, with its share a fair fifth.  
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Figure 4. Historical performance of total returns between the S&P MidCap 400 IT Index 
and the S&P MidCap 400 Index from 2014 to 2024 (S&P Dow Jones Indices, 2023d)  

Figure 4 displays the performance of the mid-cap IT index and its general index over the 

past ten years. The trend resembles that of large-cap indices, as the IT index has 

outperformed the benchmark significantly since 2017. The indices’ most remarkable 

difference is observed in the years 2021-2022.  

3.1.3  The S&P SmallCap 600 Information Technology Index 

The S&P SmallCap 600 is an index focusing on small-cap companies, providing valuable 

insights into the dynamics of the smaller capitalization sector. The sector breakdown of the 

index is shown in figure 5. (S&P Dow Jones Indices, 2023e) The S&P SmallCap 600 

Information Technology Index – established on October 28, 1994 – comprises companies 

within the S&P SmallCap 600 index falling under the GICS IT sector. Based on its recent 

fact sheet, the index consists of 64 companies, and the three largest ones are Rambus Inc., 

SPS Commerce Inc., and Fabrinet. The index performance over the last ten years is displayed 

in figure 6. (S&P Dow Jones Indices, 2023f) 
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Figure 5. S&P SmallCap 600 Index – sector breakdown (S&P Dow Jones Indices, 2023e) 

The picture shows that the IT sector, like in the mid-cap index, ranks as the fourth largest 

share at 12.5 %. The sector breakdown of the index differs again, with the financials having 

the largest share and the industrials sector coming in second, with just a 1 % smaller share.  

 

 
Figure 6. Historical performance of total returns between the S&P SmallCap 600 IT Index 
and the S&P SmallCap 600 Index from 2014 to 2024 (S&P Dow Jones Indices, 2023f) 

The chart demonstrates a similar pattern to both large- and mid-cap indices, indicating that 

the IT sector has performed more favorably over the observed period. The chart’s scale 

aligns perfectly with the mid-cap, making them directly comparable, while the large-cap 

index, with its more extensive scale, signifies higher returns.  

When considering all the indices discussed, it is essential to appreciate that the number of 

firms in each index can fluctuate based on various factors, such as company performance 

and changes in sector composition. The flexibility in the number of companies illustrates 

how these indices effectively adjust to changing market conditions.  
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3.2  Data  

The research data was retrieved from Refinitiv (Eikon) -database. The dataset comprises 

total return indices of the previously mentioned IT indices, with data divided into periods 

based on the definition of Sell in May and Go Away. The data starts in January 2013 and 

continues until December 2022. Within this period are ten periods for both intervals: 

November-April and May-October. A return index considers not only the development of 

stock prices but also dividends (Vaihekoski, 2022, p. 203), offering a more comprehensive 

view of the sector’s performance. Differences in dividend payouts over the years can result 

in substantial variations in the IT sector compared to the others, although stock prices would 

follow similar trends.  

To compute statistical metrics used in this study begins by determining the daily rate of 

returns based on the closing prices of indices. The process is straightforward: divide the price 

change by the initial price. If the company distributes dividends, the price change includes 

them. (Vaihekoski, 2022, p. 204-205) However, when employing total return indices, the 

calculations already consider dividends. In the context of this study, the calculations of the 

rate of returns are consistent with the utilization of risk-free rates. When comparing 

strategies, the analysis relies on the U.S. monthly risk-free rates derived from Kenneth R. 

French’s Data Library, computed using the same method.  

The study progresses by first calculating the rate of returns for each month using daily 

returns. Following this, a range of metrics, including monthly returns, standard deviations, 

and other relevant indicators, are extracted from the percentage returns. This approach 

facilitates the visualization of variations between months and potentially plays a pivotal role 

in establishing a consistent definition of the anomaly under examination. The rate of returns 

for IT indices is calculated using the formula 1:  

 

																																																																		"! = "!#""
""

	$	100                                                       (1) 

 

Where "! signifies the rate of return of the index, '$ and '% mean the current and initial daily 

values of the index.  
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Volatility is one of the risk-adjusted measures in this research. It alludes to the standard 

deviation of investment returns, measuring an overall level of risk. In the world of 

investments, higher expected returns often come with a need for higher risk. (Knüpfer & 

Puttonen, 2018, p. 136, p. 267) The calculated volatilities in this study could serve as 

indicators of potential returns during specific periods. For instance, if the average volatility 

in November-April is more significant than that in May-October, it may suggest the 

possibility of higher returns for the winter period. Such findings could support the existence 

of the Sell in May and Go Away phenomenon.  

Volatility is commonly divided into two categories: historical and implied volatility. 

Historical volatility is computed from past market prices, compared to implied volatility, 

which is estimated based on the prices of actively traded financial assets. Therefore, the 

implied volatility reflects assessments regarding future volatility. As this research aims to 

contrast the returns of the selected indices over the last ten years, historical volatility is 

therefore employed. (Anh et al., 2018, p. 251) Historical volatility is calculated using the 

formula 2: 

 

																																																														(& = )∑ ()##*)$%
#&!
,#$                                                                        (2)  

 

Where (& is the investment volatility, *& is the total return of the index, + is the average of 

returns, and , is the number of trading days. Divider n-1 refers to the sample standard 

deviation; otherwise, n alone would indicate the population standard deviation. Since this 

research relies on a sample of historical daily returns due to limited periods, the sample 

standard deviation is the preferred choice in statistical analysis, giving a more accurate 

estimation (Vaihekoski, 2022, p. 208). Computed volatility will be multiplied by the square 

root of the trading days per month to obtain monthly ratios. In section 5.2, comparing the 

strategies, these volatilities are converted to annual by the square root 12.  

Skewness and kurtosis are statistical measures that describe the distribution of returns 

compared to a normal distribution. Skewness provides insight into the distribution’s shape 

by revealing the asymmetry around its mean. Like the normal distribution, a perfectly 

symmetrical distribution will have zero skewness. Meanwhile, kurtosis evaluates the 

thickness of the distribution’s tails and the extent of peakiness around its mean. In the case 
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of normal distribution, the kurtosis coefficient is set at 3. (Brooks, 2014, p. 66) Stock returns 

often exhibit positive skewness, reflecting more positive values beyond the expectations of 

a normal distribution, whereas stock indices and large companies’ returns tend to show 

negative skewness. Daily stock returns often have strong kurtosis, indicating that most 

returns cluster near the mean. On the other hand, stock returns typically demonstrate 

leptokurtosis, where observations deviating from the mean are more common than expected. 

(Vaihekoski, 2022, p. 208-209) 

3.3  Methodology  

3.3.1  Linear regression 

The primary goal of calendar anomalies is to determine if there are statistically significant 

abnormal yields on specific days, months, or other intervals. In the case of this research, the 

Sell in May and Go Away is studied by testing whether the returns on two periods statistically 

differ. The null hypothesis aligns with the EMH as it assumes that variations in returns are 

nonexistent and that they adhere to a random walk pattern. If the null hypothesis is declined, 

indicating the model’s statistical significance, the Sell in May and Go Away becomes 

evident. This study utilizes linear regression analysis with dummy variables as the research 

method. Most prior studies, such as Bouman and Jacobsen (2002) and Haggard et al. (2015), 

have employed the same method, making the obtained results relatively comparable to 

earlier research. The risk thresholds used in the study are one and five percent, commonly 

repeated in studies based on regression analyses. Regression analysis can be expressed as 

the following equation (formula 3): 

 

													"! = ∑ .&-
&.$ /&! + 1!                                                 (3)  

 

Where "! refers to the yield at time t, 2& signifies the coefficient terms depicting the monthly 

returns for research periods, and 1! denotes the error term, which follows a normal 

distribution with a mean value of zero and a variance (- (Chatterjee & Hadi, 2012, p. 65).  

Dummy variables from /$! to /-! represent the six-month periods for the anomaly. A 

categorical variable is converted into a dichotomous parameter using a dummy variable 

limited to two values. When the variable assumes the value of 1, it indicates the presence of 
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the feature; otherwise, it takes on the value of 0. Regarding the Sell in May and Go Away, 

the /$! acquires the value of one in the period from November to April and the value of zero 

from May to October.  

The primary hypothesis forces the intercept term 2% to be zero (Hardy, 1993, p. 21). In this 

case, it means that monthly returns are equal regardless of the winter and summer periods, 

implying no anomalies. Formula 4 presents the null hypothesis for the tests: 

 

																																																												3%:	2& = 0,6ℎ8,	9 = 1,2                                               (4) 
 

When several variables within a study display strong correlations with each other, 

multicollinearity becomes a problem. This difficulty arises in distinguishing the unique 

influences on the variable being predicted. (Valentine & Mennis, 1980, p. 149) Therefore, it 

is essential to consider the requirement for the equation to contain one fewer dummy variable 

than the total number of categories. In other words, variables with n categories require n-1 

dummy variables to mitigate multicollinearity. (Hardy, 1993, p. 7) Nonetheless, this does 

not imply the complete removal of the variable; it can be kept in the analysis as a reference 

group. This study uses the period from November to April as the reference group. 

Consideration of this adjustment leads to the final formula of the regression equation as 

follows (formula 5): 

 

																																																																						"! = ; + .-/-! + 1!                                             (5) 
 

Where ; is the intercept signifying monthly returns from November to April.  

When the regression equation is estimated, the statistical significance of the coefficients is 

tested to determine whether they differ from zero. Various tests are available to assess the 

statistical significance of the model, depending on the type of analysis. In evaluating the 

significance of linear regression analysis, measures such as the F-test and t-tests are 

commonly employed. The F-test evaluates the overall statistical significance of the model 

and possible differences in variances between samples. In this study, a p-value below one of 

five percent in the F-test leads to rejecting the null hypothesis, indicating the model’s 

significance. Conversely, if the F-test value surpasses the threshold value, the model is not 

statistically significant, and the null hypothesis remains valid. T-test is used to test the 
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equality of sample means and to assess how much the coefficient of the independent variable 

significantly differs from zero. The interpretation of the t-test p-value aligns with that of the 

F-test. If the p-value is below threshold value, the null hypothesis is rejected. Conversely, 

the null hypothesis is accepted if the p-value exceeds the threshold value. (Draper & Smith, 

1998, p. 38-40) 

3.3.2  Strategic perspective 

The second main question of this study centers around investigating whether the Sell in May 

and Go Away strategy outperforms the conventional Buy and Hold strategy. In this study, 

the anomaly is analyzed as a strategy in the same manner as presented by researchers such 

as Haggard and Witte (2010). Therefore, the asset is invested towards the IT index during 

the winter months, November, December, January, February, March, and April. Conversely, 

during the summer period, it is allocated to risk-free bonds. The alignment with prior studies 

facilitates a more nuanced understanding of how this specific investment strategy may 

perform and deliver value to investors across varying times. The strategy of the anomaly 

entails the following steps illustrated in figure 7.  

 

                    
 

Figure 7. Sell in May and Go Away Investment Strategy 

 

Hold assets 
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months in the IT 
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The Buy and Hold strategy, primarily emphasizes on long-term investment, with assets held 

without intermediate selling throughout the evaluation period. This strategy requires a 

dedication to retaining investments over an extended period, in contrast to more active 

trading strategies. In the case of this study, it denotes investing in each IT index over the 

entire analysis period. The return for the evaluation period is calculated employing 

compound interest, which refers to the compounding of investment returns upon the initial 

capital, thereby generating incremental earnings from these returns. The compound returns 

represent a fundamental principle within the realm of investments, particularly when 

evaluating the long-term growth potential of investment portfolios. The identical method is 

applied to the annual returns of the anomaly. However, rather than allocating funds to the 

index throughout the year, a strategic shift is made to a risk-free rate from May to October. 

Sharpe ratio is another risk-adjusted measure in this research. In 1966, William F. Sharpe 

introduced a performance evaluation metric for mutual funds, the Sharpe Ratio. This metric 

evaluates how the expected return and the risk-free asset differ concerning overall risk, 

accounting for systematic and unsystematic risk. The Sharpe ratio is widely used for 

comparing portfolios, and in this study, it is employed to compare indices, facilitating a 

comprehensive examination of their performance adjusted for risk. The conclusion is 

straightforward: A higher Sharpe ratio signifies superior performance for the index. (Sharpe, 

1994) Sharpe ratio is calculated using the formula 6: 

 

																																																																											<& =
)##)'
/#
	                                                          (6)  

 
Where <& is the Sharpe ratio, *& is the index’s return, *0 is the risk-free asset, and (& is the 

index volatility.  

Furthermore, this study employs Jensen’s alpha as a metric for gauging performance. 

Jensen’s alpha, grounded in the Capital Asset Pricing Model (CAPM), serves as an indicator 

to assess whether an investment portfolio exceeds the anticipated return levels projected by 

the CAPM. (Jensen, 1968) Jensen’s alpha can take on positive, negative, or zero values. A 

zero alpha indicates that the portfolio, in the case of this study – index, is appropriately priced 

concerning its associated risk. A positive alpha signifies that the index outperforms the 

market, generating returns that surpass what the expected risk level would dictate. On the 

other hand, a negative alpha signals underperformance, indicating that the index yields return 
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lower than the implied risk. It is important to note that the assessment of a portfolio 

manager’s diversification skills does not apply to Jensen’s alpha due to its risk premiums 

linked to systematic risk. This unique characteristic sets it apart from the Sharpe ratio, which, 

in contrast, considers not only systematic but also unsystematic risk. (Johnson & Soenen, 

2003)  

Analyzing the Sell in May and Go Away strategy relative to the Buy and Hold strategy, 

Jensen’s alpha can provide an insight into whether either of these strategies has outperformed 

or underperformed the expected market returns. The p-value, in turn, helps to determine 

whether the performance difference is statistically significant. Additionally, it can ascertain 

how effective the anomaly-based strategy is precisely within the IT sector or, conversely, if 

the Buy and Hold strategy proves to be more dependable over an extended period. This 

research estimates alpha values for indices using linear regression analysis. Jensen’s alpha 

can be determined from the following equation (formula 7):  

 

																																																																; = 	 *& − [*0 + 2 ∗ @*1 − *0A]                                               (7)  

Where, ; refers to the Jensen’s Alpha, *& is the index’s return, *0 is the risk-free asset, 2 is 

the beta value and *1 is the expected market return. 

As delineated in a financial context, the risk-free rate refers to the rate of return obtainable 

in the market for an investment devoid of default risk. Typically, this is represented by the 

yield to maturity on U.S. government security. (Pratt & Grabowski, 2014, p. 70) The risk-

free rate serves as a benchmark for evaluating the performance of alternative investments. It 

establishes a fundamental framework for assessing the risk and potential returns associated 

with diverse financial instruments. In this study focusing on the U.S. stock market, U.S. 

Treasury bills are naturally employed as the risk-free rate, with their values sourced from 

Kenneth R. French’s Data Library. The monthly values of the risk-free rates are utilized to 

compute cumulative returns for the Sell in May and Go Away investment strategy (Table 5). 

Furthermore, annual values of the risk-free rates are incorporated into both strategies for 

determining their respective annual Sharpe ratios (Table 5). The results section also presents 

calculations spanning the ten-year evaluation period, wherein Sharpe ratios are calculated 

using the annual average of risk-free rates (Table 6).  
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4  RESULTS 

This chapter outlines the research findings and is divided into three subchapters. The first 

section delves into the descriptive statistics. The second discusses the outcomes of regression 

analyses on indices, focusing on the statistical significance of the Sell in May and Go Away 

throughout the entire research period. The third section compares the anomaly’s productivity 

to the Buy and Hold strategy.  

4.1  Descriptive statistics 

Appendix 1, Appendix 2, and Appendix 3 display the monthly returns and standard 

deviations for the study period from 2013 to 2022. As discernible from the tables, the 

purported distinction between financially lucrative winter and comparatively lacklustre 

summer months, as posited by the Sell in May and Go Away, does not consistently align with 

empirical evidence. Substantial differences are evident in return magnitudes and associated 

standard deviations across the months. The results show that the months spanning from May 

to October sometimes perform significantly better; several have yielded better results than 

certain winter months. Contrary to historical expectations, the traditionally perceived 

favorable month of January for small-cap companies (Zacks, 2011, p. 206-207) exhibited 

negative returns during 2014-2016 and in the years 2020 and 2022 (Appendix 3).  

The S&P 500 IT Index achieved its highest return in April 2020, with a value of nearly 20 

percent (0.1943). This year, the index has also seen other relatively strong-performing 

months, such as May, August, and November. These months also represent their highest 

returns for the entire ten-year period. (Appendix 1) A similar trend is observed in the mid-

cap and small-cap indices as well. In 2020, for the S&P MidCap 400 IT Index, April, May, 

November, and December produced their highest values over the ten-year analysis period, 

April being the most profitable (0.2240). (Appendix 2) For the S&P SmallCap 600 IT Index, 

the most profitable months in 2020 are nearly the same, except for August, which has a 

negative value, and May, where a higher value was recorded in 2013 (Appendix 3). In 2020, 

despite the formidable challenges posed by economic uncertainty and the global COVID-19 

pandemic, the stock markets portrayed remarkable resilience and adaptability.  
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According to Appendices 1-3, there exists variation in monthly standard deviations over the 

years. Although the values are mostly below 10 percent, the dataset exhibits discernible 

outlier observations. Notably, in March 2020, each of the three indices yielded the highest 

overall risk, with values approximating 30 percent. Additionally, a noticeable trend indicates 

a general increase in standard deviation values over the years. For instance, in 2022, the 

monthly values for all indices markedly surpassed those observed in 2013. (Appendix 1, 

Appendix 2, Appendix 3) Over the years, this fluctuation and development pattern 

underscore the dynamic nature of the stock markets and provide indications of alternations 

in the investment landscape over time.  

Table 1 illustrates each month’s ten-year average return, standard deviation, skewness, and 

kurtosis. As noted previously, the categorization proposed by the anomaly, signifying more 

profitable winter months, is not substantiated. Conversely, on average, certain summer 

months have surpassed specific winter months in performance. For instance, regarding the 

large-cap index, March has shown an average negative return (-0.0013), whereas July has 

emerged as the top-performing month (0.0446) within the evaluation period. The mid-cap 

index’s results diverge regarding the most profitable month: November (0.0388). The 

findings reveal four months – March, June, August, and September – where the average 

returns for the index have been negative. However, these negative values are relatively 

modest, hovering around one percent or less. Concerning the small-cap index, November 

stands out as the most lucrative month (0.0442), with July being a robust second. 

Furthermore, March, August, and September are identified as the least favorable based on 

the average returns. (Table 1) 

There are no significant differences in standard deviations between indices and months; the 

values generally fluctuate a few percentage points on either side of the mean, within a five 

percent range. For the large-cap index, the highest overall risk occurred in April and June 

(0.0646), while the lowest was in July (0.0381), which is interesting as July was the most 

profitable month for the index over the entire period. The highest volatilities for mid-cap and 

small-cap indices also occurred in April, with values exceeding eight percent. September has 

the lowest overall risk for the mid-cap index (0.0477), while August has the lowest for the 

small-cap index (0.0494). (Table 1) The reasons for the high volatility in April can stem 

from various factors, varying annually based on market conditions. One potential contributor 

is the corporate earnings reporting season, particularly the release of first-quarter results. 
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This period tends to introduce considerable uncertainty among investors, impacting market 

movements and amplifying volatility.  

In terms of skewness, it is observed that some results exhibit negative values while others 

show positive values. For the large-cap index, negative skewness values occur in a total of 

eight months, broadly consistent with the tendency for stock indices and, to some, returns of 

large companies to be negatively skewed (Vaihekoski, 2022, p.208). Regarding the mid-cap 

and small-cap indices, negative skewness values are present in the five months: February, 

March, May, October, and December. (Table 1) In instances of positive values, investors 

may anticipate that returns on the investment could periodically surpass the average, with 

the potential for larger profits. Conversely, in the case of negative values, the scenario is 

reversed, and investors can expect that returns on the investment may periodically fall below 

the average.  

Concerning the kurtosis, there is considerable variability observed between months and 

indices. The threshold value of 3, considered a measure of excess kurtosis, is exceeded only 

in April for the large-cap index (5.1779). For mid-cap and small-cap indices, March 

surpasses this threshold value in addition to April. Thus, these months exhibit kurtosis levels 

higher than the assumption of a normal distribution. However, most observations fall below 

the value of 3, with nearly half of the values falling below 1. It is also worth noting the 

presence of negative kurtosis values. (Table 1) Low kurtosis suggests that a substantial 

portion of returns is not tightly clustered around the mean. This condition, denoted as having 

flat or low kurtosis when the value is below 3, has significant implications for the distribution 

of returns and potential risks. 
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Table 1. Descriptive statistics for each month and IT index over the ten-year period from 
2013 to 2022 

  January February March April May June July August September October November December 

S&P 500 IT                          

Mean 0.0014 0.0080 -0.0013 0.0334 0.0230 0.0024 0.0446 0.0145 -0.0148 0.0273 0.0336 0.0336 

Std. Dev 0.0464 0.0529 0.0577 0.0646 0.0521 0.0646 0.0381 0.0485 0.0497 0.0596 0.0398 0.0579 

Skewness  -0.0676 -0.3245 -1.4466 1.6633 -0.7600 0.4667 1.4656 -0.1388 -1.1646 -0.8820 0.3640 -0.9383 

Kurtosis -0.6192 -0.7950 2.6649 5.1779 1.0496 -0.9231 2.4760 -0.6894 0.2492 0.2136 0.5285 -0.4508 

S&P MidCap 400 IT                       

Return 0.0008 0.0150 -0.0112 0.0096 0.0255 -0.0019 0.0311 -0.0001 -0.0108 0.0202 0.0388 0.0120 

Std. Dev 0.0607 0.0615 0.0660 0.0854 0.0568 0.0532 0.0572 0.0495 0.0477 0.0537 0.0627 0.0674 

Skewness  0.0665 -0.4277 -2.3624 1.8536 -0.4796 0.5309 0.4788 0.1550 0.1330 -0.9650 0.3706 -0.5895 

Kurtosis 0.3300 -0.0073 6.6264 4.9594 2.3019 1.0399 0.9081 -1.2414 -0.9449 1.7225 1.7523 -0.4842 

S&P SmallCap 600 IT                       

Return 0.0003 0.0180 -0.0130 0.0059 0.0206 0.0110 0.0340 -0.0030 -0.0082 0.0242 0.0442 0.0132 

Std. Dev 0.0604 0.0575 0.0644 0.0878 0.0560 0.0557 0.0627 0.0494 0.0554 0.0585 0.0691 0.0681 

Skewness  0.1745 -0.9558 -1.9862 1.8194 -1.0798 0.3621 0.3921 0.3684 0.1853 -0.8504 1.6540 -0.6270 

Kurtosis 2.0175 1.1506 4.6666 4.8590 2.5571 -0.3386 0.4956 -1.5120 -2.1484 0.5277 2.6979 -0.8550 

 

Based on the values of descriptive statistics, preliminary conclusions can already be drawn, 

suggesting that the anomaly may not possess the efficacy implied by numerous prior studies. 

While discernible variations exist between winter and summer months concerning returns, 

standard deviations, skewness, and kurtosis, they do not consistently substantiate the 

presumption of better productivity during winter. Despite the prevalence of holidays and 

diminished trading activity in the summer, there have been occasional instances where 

productivity exceeded expectations. The inconsistency in these results raises the question of 

whether the conventional notion of investment opportunities during winter months is 

oversimplified. Possible explanations may be linked to market dynamics, global economic 

changes, or even weather conditions that impact differently in various seasons. The 

following sections delve into analyzing multiple factors in greater detail. 

4.2  Linear regression  

Table 2 presents the regression analysis results for the S&P 500 IT Index for the whole 

research period. The estimates are positive for both periods. The relatively low value for 

November to April suggests that the monthly returns during this period have not significantly 
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deviated from zero. On the other hand, the May to October estimate is substantially higher, 

indicating a difference in returns between the two periods. The results show that the intercept 

term, representing monthly returns from November to April, exhibits a positive t-test value 

significantly above the 0.05 level (0.2276). The results indicate a lack of statistical 

significance and insufficient evidence to reject the null hypothesis. This is further supported 

by the result of the overall F-test, where the value remarkably surpasses the threshold values 

(0.6316). Therefore, the model does not provide strong statistical significance for the 

existence of the Sell in May and Go Away for the S&P 500 IT Index, suggesting that the 

anomaly is more likely due to random variation than a consistent trend among the periods. 

Table 2. Regression analysis results for the S&P 500 IT Index over the ten-year period 
from 2013 to 2022 

          

  Estimate SE t-test p-value 

          

November - April (Intercept) 0.0093 0.0076 1.2194 0.2276 

          

May - October 0.0655 0.1359 0.4820 0.6316 

          

          

F-test     0.2323 0.6316 

          
** signifies statistical significance at the level 0.01 and * at 0.05. 

Table 3 provides the findings for the mid-cap index, showing distinct estimates compared to 

the large-cap index, both in numerical values and signs. Notably, the estimate for May to 

October is negative, suggesting potential underperformance relative to November to April. 

Although this might imply the presence of the anomaly, the model’s p-value is higher than 

the threshold values, leading to the same conclusion as the previous index. The p-values for 

both periods and the result of the overall F-test, noticeably exceed the threshold value. This 

signifies a substantial lack of statistical significance and leads to the conclusion that the 

anomaly does not occur according to the regression model for the mid-cap IT companies.  
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Table 3. Regression analysis results for the S&P MidCap 400 IT Index over the ten-year 
period from 2013 to 2022 

          

  Estimate SE t-test p-value 

          

November - April (Intercept) 0.0116 0.0088 1.3095 0.1955 

          

May - October -0.0709 0.1642 -0.4316 0.6676 

          

          

F-test     0.1863 0.6676 

          
** signifies statistical significance at the level 0.01 and * at 0.05. 

Table 4 presents the results concerning the small-cap index, revealing a consistent pattern 

similar to the two preceding indices. The estimated coefficients are slightly larger than those 

for the mid-cap index. Notably, the findings highlight a negative coefficient for May to 

October, indicative of diminished performance during this timeframe. Nevertheless, this 

observation is mitigated by a p-value that substantially surpasses the threshold values. 

Furthermore, the outcomes of the F-test and its associated p-value align with those of the 

large-cap and mid-cap indices, suggesting the absence of a statistically significant anomaly 

among small IT companies.  

Table 4. Regression analysis results for the S&P SmallCap 600 IT Index over the ten-year 
period from 2013 to 2022 

          

  Estimate SE t-test p-value 

          

November - April (Intercept) 0.0125 0.0091 1.3790 0.1732 

          

May - October -0.0835 0.1590 -0.5253 0.6014 

          

          

F-test     0.2759 0.6014 

          
** signifies statistical significance at the level 0.01 and * at 0.05. 
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The null hypothesis, positing no statistical distinction in returns between the two examined 

periods, remains applicable to all three IT indices. Consequently, the Sell in May and Go 

Away anomaly cannot be statistically substantiated as significant across the entire IT sector 

in the U.S. stock market. This is further supported by the average returns during winter and 

summer periods, which do not consistently justify superior performance in the winter months 

each year. On the contrary, the summer period has outperformed in eight out of ten years for 

the large-cap index and six out of ten years for both the mid-cap and small-cap indices. 

(Appendix 4) This observation adds an intriguing dimension to the discussion, as it 

challenges the findings of some previous studies that have argued in favor of the statistical 

significance of this anomaly. The discrepancy prompts a re-evaluation of existing 

perspectives on market behavior during May-October, highlighting the complexity of 

financial market dynamics and the need for nuances in interpreting historical trends.  

Although the anomaly is not statistically significant by regression analysis, it might still 

appear in stock markets due to unpredictable factors, such as sudden shifts in market 

sentiment, unexpected geopolitical events, or unforeseen economic developments. The 

dynamic nature of stock markets, influenced by many complex variables, can result in 

anomalies that defy conventional statistical models. Therefore, while regression analysis 

may not always capture the full spectrum of market dynamics, investors and analysts must 

recognize the inherent uncertainties and adapt their strategies to navigate the intrinsic 

unpredictability of financial markets. Embracing a holistic approach that combines statistical 

insights with an understanding of psychology and external factors can contribute to a more 

comprehensive assessment of potential anomalies and enhance decision-making in the 

dynamic landscape of stock trading.  

4.3  Analysis of strategies 

Table 5 displays the annual returns, standard deviations, and Sharpe ratios for both strategies 

across each IT index. The findings underscore the yearly variability in the returns of the 

indices, precluding a clear declaration of absolute superiority for any of them. However 

annual returns exhibit fluctuations, revealing notable disparities among the indices. For 

instance, in 2013, large-cap index underperformed in both strategies compared to mid-cap 

and small-cap indices, with the latter achieving the highest returns (0.1458 & 0.3944). 
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Conversely, in 2017, large-cap emerged as the top performer, outpacing mid- and small-cap 

in terms of returns. (Table 5) This variation highlights the significant performance 

fluctuations among indices in different years.  

The findings indicate that the Buy and Hold has generally performed more profitably, 

consistent with its higher standard deviations. For all three indices and both strategies, the 

highest returns were observed in 2019, while the poorest performance was notable in 2022. 

Additionally, a significant negative return trend was evident across large, mid-sized, and 

small IT companies in 2018, regardless of the chosen strategy. The most substantial and 

notably highest return within the evaluation period is for the Buy and Hold strategy of the 

large-cap index in 2019, reaching almost 52 percent (0.5133). (Table 5) Annual fluctuations 

may be linked to significant events. The peak returns in 2019 align with favorable conditions 

and underscore resilience during positive market trends, while the 2022 downturn, 

coinciding with the Russia-Ukraine war and uncertain economic circumstances, reflects a 

broader geopolitical impact. The 2018 negative trend across IT companies suggests an 

unstable economic environment influencing both strategies.  

In several years, the results show that the Buy and Hold strategy’s returns have been doubled 

or even greater than the returns for the anomaly. Noteworthy exceptions to this pattern occur 

in specific instances, such as in 2022 across all indices and in 2018 for the mid-cap and 

small-cap indices, where the Sell in May and Go Away anomaly demonstrated slightly 

greater returns despite being negative. (Table 5) Possible explanations could stem from the 

unique market conditions prevalent during those years. Instances where the Buy and Hold 

strategy outperformed the anomaly may be linked to sustained market trends or favorable 

economic circumstances supporting a long-term investment approach. Conversely, the 

anomaly’s higher returns in 2022 and partly in 2018 could reflect the effectiveness of a short-

term, tactical strategy during periods of market volatility.  

Significant distinctions emerge in the returns, for example, for 2016 across the indices. The 

S&P 500 IT Index reveals a negative return for the Sell in May and Go Away anomaly (-

0.0103), while the Buy and Hold strategy exhibits a positive return concurrently (0.1344). In 

contrast, the mid-cap index demonstrates positive returns for both strategies – the value for 

the anomaly at 0.1092 and for the Buy and Hold at 0.2227 –– notably exceeding the returns 

of the large-cap index. These disparities are further accentuated by the small-cap index, 
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where the Sell in May and Go Away anomaly yields return that are half as substantial as 

those of the mid-cap index (0.2222). The Buy and Hold strategy offers the highest return for 

the year 2016 among small IT enterprises (0.3541). (Table 5) 

Regarding standard deviations, i.e., volatility, across every index over the evaluation period, 

the Buy and Hold strategy consistently exhibits higher values than the Sell in May and Go 

Away anomaly. The lowest volatility across all indices and both strategies occurred in 2017, 

while the highest value was reached in 2020. The significantly elevated volatilities in 2020 

can be attributed to the COVID-19 pandemic, which created exceptional uncertainty and 

market disruption, remarkably impacting the value of investment assets. The Buy and Hold 

strategy tends to be more susceptible to price fluctuations when contrasted with the anomaly 

approach, which intermittently shifts to risk-free assets. The anomaly seeks stability in 

returns, albeit at the expense of typically low rates. This implies that investors inclined 

towards stability or risk mitigation might scrutinize their strategy choices, considering the 

historical tendency of the Buy and Hold strategy for higher volatility. Conversely, those 

comfortable with price fluctuations and aiming for potentially higher returns might find the 

higher volatility associated with Buy and Hold acceptable.  

The Sharpe ratio provides a nuanced perspective to the review, introducing variability across 

investment strategies and market indices. The results indicate significant fluctuations in 

values, with some rising to remarkably high levels in specific years. For the S&P 500 IT 

Index and the Buy and Hold strategy, the Sharpe ratio consistently exceeded that of the Sell 

in May and Go Away anomaly in all years, with exceptions noted in 2019 and 2022. 

Similarly, for the S&P MidCap 400 IT- and S&P SmallCap 600 IT indices, the Buy and Hold 

strategy’s Sharpe ratios were lower than the anomaly’s values only in 2019. The findings 

suggest that the Sharpe ratio consistently favors the superior profitability of the Buy and 

Hold strategy over the anomaly. This assertion is reinforced by the observation that most 

Sharpe ratios for this strategy have been positive. In contrast, more negative Sharpe ratios 

were recorded for the anomaly during the evaluation period. In these instances where the 

Sharpe ratio is negative, the investment’s risk-adjusted return has proven inadequate in 

offsetting the assumed risk. This observation suggests that the returns generated by the 

investment strategy based on the anomaly have not conformed to the expected alignment 

with the associated level of risk. 
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Table 5. Annual returns, standard deviations, and Sharpe ratios for IT indices from 2013 
to 2022 

  Sell in May and Go Away  Buy & Hold    
  Return Std. Dev Sharpe ratio Return Std. Dev Sharpe ratio 

S&P 500 IT             
2013 0.1068 0.0645 1.6541 0.2060 0.1030 1.9984 
2014 0.0987 0.0865 1.1378 0.2564 0.0953 2.6891 
2015 -0.0209 0.1047 -0.2010 0.0370 0.1730 0.2127 
2016 -0.0103 0.1056 -0.1167 0.1344 0.1418 0.9332 
2017 0.1443 0.0525 2.5986 0.3433 0.0940 3.5678 
2018 -0.0646 0.1335 -0.6206 -0.0608 0.1839 -0.4298 
2019 0.3838 0.0979 3.6994 0.5133 0.1660 2.9628 
2020 0.1181 0.2880 0.3945 0.3286 0.3371 0.9615 
2021 0.1064 0.0714 1.4847 0.2782 0.1337 2.0779 
2022 -0.1902 0.1903 -1.0748 -0.2974 0.2831 -1.1010 

S&P MidCap 400 IT             
2013 0.1274 0.0823 1.5465 0.2218 0.1429 1.5510 
2014 0.0707 0.1328 0.5306 0.1443 0.1847 0.7801 
2015 -0.0225 0.0921 -0.2466 -0.0024 0.1619 -0.0161 
2016 0.1092 0.1205 0.8898 0.2227 0.1420 1.5542 
2017 0.1023 0.0577 1.6327 0.2076 0.0845 2.3624 
2018 -0.0704 0.1304 -0.6453 -0.0939 0.1881 -0.5729 
2019 0.3708 0.1346 2.5954 0.4443 0.2002 2.1117 
2020 0.1142 0.3805 0.2884 0.3130 0.4047 0.7623 
2021 -0.0169 0.1097 -0.1581 0.0383 0.1402 0.2706 
2022 -0.1388 0.1816 -0.8431 -0.2050 0.2716 -0.8072 

S&P SmallCap 600 IT             
2013 0.1458 0.0669 2.1750 0.3944 0.1244 3.1684 
2014 0.0708 0.1235 0.5718 0.1908 0.2040 0.9345 
2015 0.0113 0.0908 0.1222 0.0543 0.1342 0.4030 
2016 0.2222 0.1342 1.6410 0.3541 0.1510 2.3318 
2017 0.0170 0.0363 0.2469 0.0739 0.0925 0.7121 
2018 -0.0990 0.1076 -1.0908 -0.1375 0.1862 -0.8367 
2019 0.3012 0.1435 1.9485 0.4157 0.2239 1.7608 
2020 0.1595 0.3946 0.3929 0.2825 0.4106 0.6771 
2021 0.0788 0.1162 0.6745 0.1141 0.1478 0.7695 
2022 -0.2078 0.1851 -1.1994 -0.2237 0.2898 -0.8212 

 

Table 6 displays the indices’ cumulative returns, average returns, standard deviations, and 

Sharpe ratios over the entire ten-year period. Additionally, alphas and their p-values are 
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presented. The cumulative return over the evaluation period has witnessed substantial 

growth for both strategies, with the Buy and Hold displaying remarkable expansion. The 

S&P 500 IT Index outperforms other indices in the Buy and Hold strategy, yielding the 

highest values in returns, Sharpe ratio and alpha. Moreover, the alpha value is statistically 

significant at 0.05 level of risk (0.0191), and it does not fall far from the 0.01 risk level either, 

highlighting the effectiveness of the conventional strategy within the large-cap IT 

companies. Higher returns are also reflected in the index’s elevated volatility (0.2319). 

Furthermore, the results indicate statistically significant alpha for the small-cap index in the 

context of the Buy and Hold strategy (0.0370), implying the strategy’s effectiveness in 

delivering added value to investors in the IT sector. (Table 6) 

On the other hand, the small-cap index has demonstrated greater performance regarding the 

Sell in May and Go Away strategy than other indices, exhibiting the highest returns and 

Sharpe ratio. Additionally, its standard deviation is marginally lower than that of the large-

cap index. Nevertheless, it is noteworthy that the alpha values for the indices in the strategy 

according to the anomaly are consistently negative, contrasting with the positive alpha values 

observed in the Buy and Hold strategy. A negative alpha in an investment strategy indicates 

that the expected returns of the strategy have not been achieved or surpassed at the associated 

level of risk. For the Sell in May and Go Away, the p-values assessing the significance of 

alpha exceed the threshold values, establishing the statistical insignificance of the values. 

This implies that the alpha values associated with the anomaly have not consistently deviated 

significantly from zero, thereby eroding confidence in the anomaly’s ability to deliver 

additional value to investors. This observation is paramount in evaluating strategy efficacy 

and its incorporation into investment decision-making processes.  

In the case of the mid-cap index, the results show the lowest returns, volatilities, and Sharpe 

ratio values for both strategies. While the mid-cap index had the lowest overall risk, it might 

have sacrificed potential returns for stability or missed growth opportunities. The market 

environment, including interest rates, economic conditions, and investor sentiment, can 

affect performance and may have favored larger and smaller counterparts during the 

specified period. Regarding the technology landscape’s rapid evolution, mid-sized IT 

companies might not be well-positioned to capitalize on emerging technology trends that 

could affect their overall returns. Additionally, the results highlight that the index is the only 

one among the three whose alpha value for the Buy and Hold strategy is not statistically 
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significant. Based on this observation, it can be inferred that the strategy may not have been 

optimal for the mid-cap index, emphasizing the need to explore alternative strategic 

approaches and consider different investment tactics to achieve the maximum possible 

return.  

Table 6. The comparison of strategies for the entire ten-year period from 2013 to 2022 

Sell in May and Go Away             
  Cum. Return Mean  Std. Dev Sharpe Ratio Alpha p-value 
S&P 500 IT Index 0.7485 0.0672 0.1528 0.3942 -0.0419 0.0694 
              
S&P MidCap 400 IT Index 0.7342 0.0646 0.1404 0.4105 -0.0238 0.2036 
              
S&P SmallCap 600 IT Index 0.7917 0.0700 0.1500 0.4202 -0.0306 0.0978 
              

Buy & Hold             

  Cum. Return Mean Std. Dev Sharpe Ratio Alpha p-value 

S&P 500 IT Index 3.0605 0.1739 0.2319 0.7198 0.0768 0.0191* 

              
S&P MidCap 400 IT Index 1.9210 0.1291 0.1955 0.6248 0.0433 0.0831 
              
S&P SmallCap 600 IT Index 2.4478 0.1519 0.2185 0.6631 0.0535 0.0370* 
              

** signifies statistical significance at the level 0.01 and * at 0.05. 

Figure 8 provides a graphical illustration of the returns’ performance trends of the strategies 

for each index during the evaluation period. The charts reveal clear patterns; generally, both 

strategies exhibit significant upward and downward fluctuations. The small-cap index’s 

most pronounced and substantial differences in returns are evident. For instance, in 2013, 

the returns of the large and mid-sized companies were relatively aligned, whereas the small-

cap index for the Buy and Hold strategy surged to even 40 percent. While distinctions exist 

among the indices, they share noteworthy declines in specific years. Prominent downturns 

were observed to start from 2014, 2017, 2019, 2021, and 2022. Additionally, it is remarkable 

that the downturn peak in 2018 followed a decline commencing in 2017 for both the large-

cap and mid-cap indices, while in the case of the small-cap index, the decline began as early 

as 2016. Furthermore, in 2013, a marked differentiation was evident, particularly in the Buy 

and Hold strategy, where the small-cap index experienced a pronounced decline leading 

towards 2015. 
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The substantial downturns signify the repercussions of global crises. In 2015, a conspicuous 

deceleration in China’s economic expansion heightened apprehensions regarding the global 

economic landscape. This presumably manifested in the indices’ performance, underscoring 

the profound impact of economic uncertainties on market dynamics. In 2018, a notable 

economic instability was experienced, partly due to the trade tensions between the United 

States and China, coupled with general uncertainty in the global economy. China and the 

United States trade relations are a significant global economic concern, and various trade 

disputes notably influence the worldwide economy and market dynamics. This economic 

upheaval was evident in the indices’ performance, highlighting the global markets’ fragility 

and susceptibility to geopolitical events.  

In 2020, an unprecedented global health crisis unfolded as the COVID-19 pandemic spread 

globally. This health crisis resulted in widespread economic and societal disruptions. The 

profound impacts of the pandemic were notably reflected in the markets and indices, 

underscoring the capacity of health crises to instigate significant fluctuations in global 

economic systems. On the other hand, as indicated by figure 8, 2020 remained relatively 

stable, with annual returns being positive for all three indices (Table 5). Despite the negative 

impacts of the COVID-19 pandemic, this phenomenon can be attributed to several factors, 

such as robust economic policies that swiftly address exceptional challenges. Additionally, 

central banks worldwide implemented significant monetary measures, including interest rate 

cuts, and initiating liquidity-related programs, which helped sustain the functioning of 

financial markets. Furthermore, companies showed adaptability to changing conditions, 

particularly in embracing digitalization and remote work. Investors could also see long-term 

opportunities, indicating confidence in the market’s resilience and a belief that companies 

can recover and grow post-pandemic.  

In 2021 and 2022, economic uncertainty persisted, and markets exhibited sensitivity to 

various factors, including ongoing challenges related to COVID-19, inflation expectations, 

the impact of the Russia-Ukraine war and other geopolitical tensions. The development 

during the weakest year of the entire study period, namely 2022, is precisely linked to these 

uncertainties that contributed to the deterioration of market stability and caution among 

investors. These factors substantially influenced the indices, highlighting the markets’ 

susceptibility to external shocks and economic disruptions. These insights during the 

evaluation period emphasize the critical role of global events in shaping investment strategy 
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performance, highlighting the dynamic interplay between external factors and different 

investment approaches in financial markets.  

 
Figure 8. Annual compounded rate of returns for the Sell in May and Go Away and the Buy 
and Hold from 2013 to 2022 
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5  CONCLUSIONS 

This section outlines the conclusions and key points drawn from the research findings. 

Moreover, it suggests alternative perspectives for further research, fostering a broader 

understanding of the topic.  

5.1  Conclusions 

This study investigated the Sell in May and Go Away calendar anomaly in the U.S. stock 

market from 2013 to 2022. The research aimed to examine the entire IT sector by utilizing 

three S&P Dow Jones indices covering large-, mid- and small-cap companies in the industry. 

The dynamism and increased significance of the IT sector have positioned it as a significant 

player in the stock markets. Beyond representing the forefront of technological 

advancements, this sector holds a central role in driving economic performance and fostering 

innovation. Its influence spans across various company sizes, rendering it an enticing 

prospect for investors aiming at diversification and potential capital appreciation. 

Consequently, the research embarked on a journey to delve deeper into the factors shaping 

the IT sector within the stock markets and aimed to shed light on their implications for 

making informed investment decisions.   

Studies on the anomaly have been conducted worldwide. However, many of them have 

primarily focused on the U.S. stock markets – the literature review as a part of the theoretical 

framework incorporated prior research. A significant portion of these studies supports the 

prevalence of the anomaly and its ability to outperform the conventional Buy and Hold 

strategy across diverse scenarios. As articulated in the introduction, the anomaly has been 

generally acknowledged for its resilience and enduring nature, persisting irrespective of 

investors’ awareness. On the other hand, some studies contradict the anomaly, suggesting its 

weakening or even disappearance, particularly in the 21st century.  

The study was conducted as quantitative research, centering around two primary questions. 

The first question investigated the statistical prevalence of the anomaly: “Is the Sell in May 

and Go Away phenomenon statistically significant in the IT sector of the U.S. Stock 
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Market?” The second main question examined the profitability of the anomaly as an 

investment strategy: “Does the Sell in May and Go Away investment strategy outperform the 

Buy and Hold strategy?” Linear regression was employed as the research method to 

ascertain the statistical significance of the anomaly in addressing the first research question. 

The test results indicated that the anomaly is not statistically significant for any IT indices. 

The null hypothesis remains valid, implying no statistically significant difference in returns 

between November to April and May to October. Additionally, annual metrics such as 

returns, Sharpe ratios, and alphas did not support the profitability of the anomaly as an 

investment strategy for any index despite its substantial cumulative returns over the ten 

years. Instead, the Buy and Hold strategy proved consistently more profitable throughout the 

study period, emerging as a more attractive option for investors. In other words, investing in 

the index has been more lucrative than allocating for risk-free bonds.  

The sub-question of the study focused on examining the potential impact of company size: 

“Are there differences between the major, medium-sized and small-sized IT companies?” 

Differences are observable among the indices regarding returns, standard deviations, and 

other metrics across different years; nonetheless, they generally follow similar trends. The 

outcomes and values of the linear regression were relatively close to each other among the 

indices. However, comparing strategies, the ten-year investment period revealed disparities 

among the indices. The large-cap index demonstrated superior performance for the Buy and 

Hold strategy, while the small-cap index outperformed in the anomaly-based strategy. The 

mid-cap index ranked the lowest for both strategies. This could be attributed to mid-sized 

companies’ specific characteristics and susceptibility to certain market influences. Based on 

these findings, there is an emphasized need to delve deeper into the dynamics and factors 

related to mid-sized companies to fine-tune and optimize investment strategies.  

5.2  Discussion 

Overall, the outcomes of this study are noteworthy as they diverge from the prevailing results 

of prior research, which typically support the anomaly’s profitability as an investment 

strategy. Additionally, the anomaly has been relatively underexplored, specifically within 

the IT sector, opening opportunities for new insights and in-depth investigations in this 

specialized field. One possible reason for the divergent findings may lie in the unique 
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dynamics and nature of the IT industry. The rapid evolution of technology, market sensitivity 

to innovations, and shifting trends in consumer behaviour could contribute to variations in 

the anomaly in the IT sector compared to other industries. The results of this study can be 

linked to the academic papers conducted by Lucey and Zhao (2008) and Dichtl and Drobetz 

(2015), indicating that the Sell in May and Go Away anomaly underperforms the Buy and 

Hold strategy and has significantly weakened or even disappeared from the U.S. stock 

markets. The study’s outcomes are significantly influenced by the timeframe, which 

examines the Sell in May and Go Away behavior over the past ten years, thus presenting a 

more modern approach than previous studies. The IT industry was less dynamic and 

progressive several decades ago than it is nowadays. This modern approach facilitates a more 

in-depth understanding of the industry’s changes and allows evaluation of how rapidly 

developing technologies and business models have affected anomalies. 

Investors’ growing interest in the IT sector has made them increasingly intrigued by its 

impact on investment strategies. The potential blindness of investors towards this sector may 

manifest in the fact that, despite global crises and uncertain market conditions, they have 

maintained their investments in the index rather than switching to risk-free bonds. Such 

behavior suggests that the IT sector is perceived as an attractive investment destination. 

Although it is susceptible to various market changes and may occasionally experience deep 

downturns, its ability to rise and recover may encourage many investors to hold onto their 

investments. This confidence may stem from the industry’s innovations and continuous 

technological development, creating enduring appeal from an investor’s perspective.  

Given that the results of this study deviate largely from previous research, there would be a 

cause to investigate the anomaly further. Firstly, examining the anomaly with other indices, 

expanding into different sectors, and exploring potential variations in the anomaly’s 

behavior across industries could provide valuable insights. Secondly, it would be intriguing 

to examine the impacts of other calendar anomalies, such as the January effect, day-of-the-

week effect, and month-of-the-year effect, on the IT sector and ascertain whether they 

significantly differ from the Sell in May and Go Away anomaly. Thirdly, the anomaly could 

be analyzed in other countries’ stock markets, encompassing developed and emerging 

economies, while considering the specific characteristics of their IT sectors. This approach 

would introduce additional points of comparison and deepen the understanding of how the 

behavior of the anomaly varies in different market conditions. 
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Fourthly, it would be interesting to explore the behavior of the anomaly over a longer time 

horizon and investigate it through different subperiods. This approach could provide a more 

comprehensive understanding of the anomaly’s development and potential variations 

between different time frames. Ten years might not be sufficient to fully comprehend the 

anomaly’s behavior. A broader timeframe and a more extensive analysis of contributing 

factors could offer deeper insights and a better understanding of the mechanisms underlying 

the anomaly. This, in turn, could assist investors in envisioning how the phenomenon might 

evolve and impact the future under various conditions. In conclusion, the IT sector is 

unquestionably on an unstoppable path, destined to revolutionize the future in ways that 

challenge the limits of our imagination.  
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Appendices 

Appendix 1. Descriptive statistics of the monthly returns and standard deviations for the 
S&P 500 IT Index from 2013 to 2022 

Month January February March April May June July August September October November December 

Year                         

2013                         

Return -0.0173 -0.0046 0.0239 0.0190 0.0539 -0.0429 0.0344 -0.0168 0.0254 0.0358 0.0381 0.0447 

Std. Dev 0.0441 0.0414 0.0258 0.0532 0.0313 0.0430 0.0322 0.0358 0.0263 0.0386 0.0281 0.0262 

2014                         

Return -0.0149 0.0695 0.0113 -0.0105 0.0380 0.0249 0.0039 0.0439 -0.0082 0.0341 0.0483 -0.0060 

Std. Dev 0.0432 0.0348 0.0388 0.0530 0.0302 0.0197 0.0367 0.0236 0.0349 0.0629 0.0157 0.0536 

2015                         

Return -0.0373 0.0705 -0.0425 0.0279 0.0083 -0.0465 0.0231 -0.0510 0.0242 0.1078 -0.0012 -0.0335 

Std. Dev 0.0595 0.0290 0.0474 0.0366 0.0435 0.0374 0.0450 0.0918 0.0726 0.0485 0.0383 0.0574 

2016                         

Return -0.0337 -0.0142 0.0589 -0.0619 0.0491 -0.0251 0.0774 0.0171 0.0208 0.0029 0.0052 0.0394 

Std. Dev 0.0857 0.0635 0.0417 0.0385 0.0374 0.0633 0.0266 0.0204 0.0436 0.0248 0.0456 0.0405 

2017                         

Return 0.0348 0.0435 0.0106 0.0267 0.0352 -0.0298 0.0523 0.0293 0.0068 0.0767 0.0108 0.0058 

Std. Dev 0.0242 0.0126 0.0266 0.0226 0.0347 0.0491 0.0297 0.0407 0.0310 0.0314 0.0383 0.0315 

2018                         

Return 0.0613 0.0013 -0.0224 0.0264 0.0582 -0.0228 0.0109 0.0591 -0.0005 -0.0841 -0.0305 -0.1035 

Std. Dev 0.0367 0.0915 0.0817 0.0666 0.0359 0.0426 0.0504 0.0012 0.0326 0.1021 0.0891 0.1051 

2019                         

Return 0.0689 0.0625 0.0409 0.0496 -0.0844 0.1108 0.0186 -0.0095 0.0281 0.0478 0.0411 0.0597 

Std. Dev 0.0856 0.0296 0.0475 0.0226 0.0593 0.0550 0.0358 0.0859 0.0438 0.0550 0.0240 0.0297 

2020                         

Return 0.0216 -0.0849 -0.1357 0.1943 0.1025 0.0712 0.0551 0.0929 -0.0709 -0.0602 0.1105 0.0427 

Std. Dev 0.0547 0.0892 0.3092 0.1424 0.0649 0.0870 0.0676 0.0498 0.1085 0.0830 0.0653 0.0371 

2021                         

Return 0.0087 -0.0127 -0.0144 0.0310 -0.0070 0.0741 0.0376 0.0395 -0.0581 0.0664 0.0443 0.0469 

Std. Dev 0.0615 0.0603 0.0892 0.0519 0.0607 0.0355 0.0378 0.0348 0.0465 0.0440 0.0534 0.0800 

2022                         

Return -0.0783 -0.0513 0.0560 -0.1114 -0.0238 -0.0903 0.1326 -0.0593 -0.1159 0.0453 0.0695 -0.0844 

Std. Dev 0.0838 0.0875 0.1034 0.0980 0.1220 0.1070 0.0716 0.0775 0.0778 0.1077 0.1243 0.0738 
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Appendix 2. Descriptive statistics of the monthly returns and standard deviations for the 
S&P MidCap 400 IT Index from 2013 to 2022 

Month January February March April May June July August September October November December 

Year                         

2013                         

Return 0.0327 -0.0311 0.0452 -0.0014 0.0516 -0.0182 0.0597 -0.0612 0.0673 -0.0114 0.0259 0.0523 

Std. Dev 0.0406 0.0462 0.0315 0.0634 0.0459 0.0539 0.0331 0.0580 0.0302 0.0527 0.0356 0.0317 

2014                         

Return -0.0149 0.0999 -0.0130 -0.0619 0.0232 0.0582 -0.0602 0.0659 -0.0539 0.0414 0.0446 0.0217 

Std. Dev 0.0541 0.0507 0.0505 0.0638 0.0412 0.0273 0.0464 0.0251 0.0400 0.0810 0.0214 0.0531 

2015                         

Return -0.0161 0.0679 -0.0037 -0.0098 0.0318 -0.0266 -0.0234 -0.0647 0.0131 0.0980 -0.0041 -0.0530 

Std. Dev 0.0583 0.0318 0.0525 0.0371 0.0384 0.0417 0.0362 0.0815 0.0709 0.0536 0.0414 0.0488 

2016                         

Return -0.0627 0.0215 0.0415 -0.0142 0.0573 -0.0261 0.0521 0.0296 0.0068 -0.0174 0.0755 0.0480 

Std. Dev 0.0810 0.0693 0.0527 0.0465 0.0453 0.0793 0.0325 0.0333 0.0501 0.0310 0.0411 0.0457 

2017                         

Return 0.0181 0.0418 -0.0126 0.0252 0.0342 -0.0294 0.0394 -0.0075 0.0156 0.0459 0.0279 -0.0052 

Std. Dev 0.0351 0.0310 0.0357 0.0368 0.0441 0.0477 0.0352 0.0478 0.0320 0.0215 0.0403 0.0330 

2018                         

Return 0.0507 -0.0292 0.0094 -0.0024 0.0389 -0.0141 0.0108 0.0739 -0.0204 -0.0967 0.0086 -0.1111 

Std. Dev 0.0387 0.0754 0.0679 0.0567 0.0271 0.0412 0.0458 0.0313 0.0329 0.0879 0.0734 0.0939 

2019                         

Return 0.1114 0.0842 -0.0099 0.0465 -0.0935 0.1023 0.0169 -0.0332 0.0426 0.0399 0.0325 0.0519 

Std. Dev 0.0737 0.0312 0.0527 0.0383 0.0695 0.0532 0.0513 0.0867 0.0523 0.0521 0.0356 0.0317 

2020                         

Return -0.0341 -0.1028 -0.1859 0.2240 0.1282 0.0060 0.0738 0.0150 -0.0538 0.0075 0.1657 0.1063 

Std. Dev 0.0522 0.0783 0.3125 0.1617 0.1055 0.1034 0.0729 0.0415 0.1015 0.0727 0.0646 0.0506 

2021                         

Return 0.0256 0.0026 -0.0185 -0.0137 -0.0036 0.0209 -0.0039 0.0210 -0.0427 0.0665 -0.0738 0.0663 

Std. Dev 0.0765 0.0836 0.1205 0.0647 0.0728 0.0411 0.0563 0.0411 0.0495 0.0542 0.0587 0.0767 

2022                         

Return -0.1030 -0.0049 0.0360 -0.0964 -0.0128 -0.0918 0.1459 -0.0400 -0.0825 0.0282 0.0848 -0.0573 

Std. Dev 0.0896 0.0900 0.1076 0.0816 0.1165 0.1118 0.0779 0.0840 0.0752 0.1031 0.1255 0.0758 
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Appendix 3. Descriptive statistics of the monthly returns and standard deviations for the 
S&P SmallCap 600 IT Index from 2013 to 2022 

Month January February March April May June July August September October November December 

Year                         

2013                         

Return 0.0146 0.0046 0.0276 -0.0043 0.0997 -0.0106 0.0611 -0.0183 0.0642 0.0090 0.0532 0.0432 

Std. Dev 0.0428 0.0500 0.0265 0.0673 0.0556 0.0542 0.0307 0.0529 0.0266 0.0527 0.0416 0.0412 

2014                         

Return -0.0140 0.0913 -0.0019 -0.0597 0.0063 0.0911 -0.0647 0.0528 -0.0572 0.0909 0.0132 0.0466 

Std. Dev 0.0542 0.0499 0.0575 0.0659 0.0619 0.0365 0.0544 0.0310 0.0465 0.0877 0.0355 0.0626 

2015                         

Return -0.0195 0.0633 -0.0023 -0.0181 0.0232 -0.0192 -0.0223 -0.0326 0.0164 0.0806 0.0334 -0.0418 

Std. Dev 0.0589 0.0313 0.0495 0.0409 0.0386 0.0453 0.0363 0.0645 0.0580 0.0652 0.0426 0.0517 

2016                         

Return -0.0196 0.0382 0.0441 -0.0213 0.0348 -0.0179 0.0698 0.0308 0.0243 -0.0339 0.1146 0.0531 

Std. Dev 0.0826 0.0586 0.0573 0.0473 0.0537 0.0812 0.0415 0.0301 0.0540 0.0372 0.0491 0.0524 

2017                         

Return 0.0216 0.0032 0.0027 0.0160 0.0133 -0.0179 0.0429 -0.0404 0.0550 0.0096 -0.0184 -0.0122 

Std. Dev 0.0459 0.0387 0.0428 0.0468 0.0506 0.0603 0.0375 0.0573 0.0474 0.0283 0.0553 0.0388 

2018                         

Return 0.0037 -0.0192 0.0132 0.0079 0.0641 -0.0127 0.0030 0.0731 -0.0548 -0.0959 -0.0098 -0.1033 

Std. Dev 0.0440 0.0693 0.0698 0.0563 0.0332 0.0470 0.0495 0.0343 0.0317 0.0953 0.0847 0.0948 

2019                         

Return 0.1205 0.0677 -0.0315 0.0466 -0.1066 0.1002 0.0308 -0.0412 0.0523 0.0758 0.0078 0.0533 

Std. Dev 0.0785 0.0339 0.0627 0.0403 0.0674 0.0563 0.0455 0.0835 0.0527 0.0536 0.0433 0.0355 

2020                         

Return -0.0375 -0.1052 -0.1745 0.2255 0.0712 0.0260 0.0783 -0.0320 -0.0576 0.0238 0.2054 0.1035 

Std. Dev 0.0530 0.0707 0.2917 0.1664 0.1141 0.1106 0.0746 0.0416 0.0899 0.0703 0.0618 0.0531 

2021                         

Return 0.0473 0.0530 -0.0514 -0.0266 -0.0038 0.0503 -0.0155 0.0483 -0.0547 0.0118 -0.0072 0.0670 

Std. Dev 0.0835 0.0998 0.1185 0.0743 0.0760 0.0430 0.0699 0.0508 0.0529 0.0584 0.0602 0.0801 

2022                         

Return -0.1143 -0.0173 0.0445 -0.1066 0.0033 -0.0794 0.1563 -0.0702 -0.0703 0.0698 0.0496 -0.0778 

Std. Dev 0.0975 0.0776 0.0986 0.0775 0.1018 0.1039 0.0824 0.0930 0.0723 0.0943 0.1150 0.0731 

                          

 

 

 



 

 

58 

Appendix 4. Average annual returns for winter (November – April) and summer (May – 
October) periods for IT indices from 2013 to 2022 

  S&P 500 IT   S&P MidCap 400 IT S&P SmallCap 600 IT 

     year winter summer winter summer winter summer 

2013 0.0173 0.0150 0.0206 0.0146 0.0231 0.0342 

2014 0.0163 0.0228 0.0127 0.0124 0.0126 0.0199 

2015 -0.0027 0.0110 -0.0032 0.0047 0.0025 0.0077 

2016 -0.0011 0.0237 0.0183 0.0171 0.0348 0.0180 

2017 0.0220 0.0284 0.0159 0.0164 0.0021 0.0104 

2018 -0.0112 0.0035 -0.0123 -0.0013 -0.0179 -0.0039 

2019 0.0538 0.0186 0.0528 0.0125 0.0441 0.0186 

2020 0.0248 0.0318 0.0289 0.0294 0.0362 0.0183 

2021 0.0173 0.0254 -0.0019 0.0097 0.0137 0.0061 

2022 -0.0333 -0.0186 -0.0235 -0.0088 -0.0370 0.0016 
 

 

 

 

 

 

 

 


