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Abstract

There is extensive research in the field of stock market anomalies

as well as more specifically the September Effect. This anomaly has

been both supported and contested by research in economic studies

all around the world and over many sectors. However, even more

interestingly many works have attempted to find the reasoning

behind the anomaly. The research has many applications in the field

of economics especially surrounding the efficient market hypothesis.

I delve into the occurrence of the September Effect on indexes in recent

history and test some of the more convincing arguments and hypotheses

within my specific framework. In order to produce my results I

review current literature, look into algorithm correlation between the

market and September, and produce indicators that I believe can help

support or discredit the current theories in order to give a clearer sense of

stock market anomalies, the September Effect and the the efficient

market hypothesis. Readers should have a better understanding of these

topics and take away new information surrounding the correlations

between the September Effect and indicators believed to be related.
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Chapter 1: Introduction

The September Effect is one of many well known calendar anomalies that occur

throughout a year in the global stock market. An anomaly is known as a variation from the

currently accepted paradigms that is too significant to be overlooked, too methodical to be

written off as random error, and too fundamental to be handled by loosening the normative

framework. More specifically, a financial market anomaly, according to conventional finance

theory, is a circumstance in which the performance of a stock or group of stocks deviates from

the assumptions of the efficient market hypothesis (Latif, Arshad, Fatima, & Farooq, 2011) (The

efficient market hypothesis is explained more thoroughly down below).

Calendar anomalies are a specific subgroup of these anomalies which are associated with

certain time periods, such as the day-to-day, monthly, and annual fluctuations in stock prices.

Calendar anomalies conflict with the weak form of market efficiency because this hypothesis

assumes that markets are efficient and cannot be predicted based on past prices. The existence of

seasonality contradicts this assumption because it enables investors to earn abnormal returns

based on recurring and consistent price fluctuations at predictable times.

The September Effect is categorized as a calendar anomaly because there is no exact

event or link attributed to the anomaly, however, it has still recurred significantly over recent

history. In the specific case of the September Effect we observe the historically weak stock

market returns during the month of September. As you can see in figure 1.1, September is

historically the worst month for equities across the globe with at least 60% of countries reporting

negative returns (Ganti & Team, T. I. 2022). Likewise, stocks have been down in the US 55% of
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the time in September since 1928 and the S&P 500 has had an average of -0.61% returns from

1960 to 2021 which is .6% less than the next lowest (Leem, 2020).

Figure 1.1 - A graphical representation of the percent of countries with either negative or
positive returns per month from 1928 to 2022 (Bechard, 2023).

Some people attribute these findings to chance since after all one of the months has to be

the lowest performing and because there are periods that the effect cannot be seen such as long

term in Europe or short term pockets such as from 2014 to now. However, with all of this data

evidence, it is difficult to deny that there is in fact a correlation between September and poor

stock performance. That being said, if there is a correlation, what is a rational reason as to why?

Presumably, it will be a combination of many things contributing to this anomaly or possibly it

could in fact just be chance. Nevertheless it is important to consider the anomaly from all aspects

and perspectives. Therefore, it is this paper's goal to look into possible reasonings behind The

September Effect and consider the validity of the predictions presented.
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Data Support

While some academics have disputed its existence, there is a growing body of empirical

evidence that supports the notion that the September Effect is a statistically significant

phenomenon. This analysis aims to provide an in-depth and detailed description of the current

statistical data that supports the September Effect, taking into consideration different markets,

sectors, industries, and time periods.

One of the earliest studies that examined the September Effect was by Lakonishok and

Smidt (1988), who analyzed the monthly returns of US stocks from 1904 to 1986. They found

that September had the lowest average return of all months. Since then, numerous studies have

confirmed the September Effect across different markets worldwide. For instance, Bouman and

Jacobsen (2002) examined the monthly returns of 108 stock markets worldwide from 1693 to

1998 and found that September had the lowest average return of any month. Similarly, Lucey

and Zhao (2008) analyzed the monthly returns of 34 countries' stock markets and found that

September was the weakest month (Balaban, Hakkio, & Rush, 2018).

The September Effect has also been observed across different sectors and industries. A

study by Chen and Singal (2003) examined the monthly returns of ten industry portfolios in the

US from 1926 to 1997 and found that September had the lowest average return of all months for

seven of the ten industries. Similarly, O'Connor et al. (2015) analyzed the monthly returns of

different sectors in the US from 1926 to 2014 and found that the September Effect was more

pronounced in the technology sector than in other sectors.
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The September Effect has been documented in different time periods as well. For

example, a study by Jacobsen and Zhang (2013) examined the monthly returns of 82 countries'

stock markets from 1988 to 2011 and found that the September Effect was still present during

this period. Moreover, a study by Balaban et al. (2018) analyzed the monthly returns of the US

stock market from 1926 to 2016 and found that the September Effect was statistically significant

in both the pre- and post-World War II periods (Balaban, Hakkio, & Rush, 2018).

Nonetheless, it appears that the September Effect is trending away especially in the US.

The September Effect was stronger in the beginning half of the century and less so in the second

half. From 1928 to 2021 the S&P’s average return during September was -1 % while the DJIA’s

average return was -0.8%, and the S&P’s was -0.5% since 1950 (Bechard, 2023). This data

supports that the September Effect is still a relevant anomaly, however, it also suggests that it

was strongest at the beginning of the past century and may be fading away.

Efficient Market Hypothesis

One of the most important things about anomalies in the stock market is that they violate

the Efficient Market Hypothesis in at least one of the three possible ways. Also known as the

EMH, the efficient market hypothesis is based on two assumptions. The first is that available

information is already incorporated into a stock price, and the second is that investors are unable

to earn a risk-weighted excess return. This essentially means that stock prices reflect the intrinsic

value of a company and investors are unable to earn higher returns than that of the market. Many

current equations and economic assumptions are based off of this hypothesis, making it a
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fundamental part of our current economic understanding. Therefore, any anomalies that violate

these assumptions are heavily scrutinized by economists.

The three possible ways to violate the EMH are weak, semi-strong, and strong forms of

violation (Degutis & Novickytė, 2014). The weak form of EMH implies that all historical price

information such as past stock prices and trading volume is taken into account for the price of the

stock. This would inhibit anyone from gaining excess returns by employing historical analysis.

The semi-strong form implies that all historical data and current public information such as

announcements of acquisitions, dividend pay-outs, and changes in accounting policy is reflected

in the stock prices. This differs from weak in the fact that semi-strong assumes information is

constantly being integrated fluidly into stock prices and there is no delay. Therefore, it assumes

people can’t utilize brand new information to make gains before that information affects the

market. Finally, the strong form assumes that current stock prices incorporate information which

does not necessarily have to be public. This form of market efficiency assumes it is impossible to

earn excess profit while even trading on insider information. This assumption is considered to be

unlikely, nevertheless since insider trading is illegal, violations of the strong form (where people

could make financial gains based on private information) are mostly mitigated and violations are

typically met with federal punishment. The weaker the form, the stronger the evidence is for the

existence of EMH since each level of new information is harder for the market to account for.

Nonetheless, there is strong evidence or examples for all three efficient market forms. (Degutis

& Novickytė, 2014).

Advocates of the EMH would argue that even if the September Effect occurred at some

time in history, overtime the market would rid itself of this inefficiency. There are two general
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efficient market assumptions that would aid this correction. First, violation of the Efficient

Market Hypothesis would leave opportunities for arbitrage from the information gap.

Arbitrageurs would exploit this situation by buying undervalued stocks before September and

selling them afterward. These actions would drive up the prices of these stocks and reduce the

magnitude of the effect. Furthermore, the EMH assumes that investors are rational, informed,

and profit maximizing. Therefore, if the September effect was based on irrational behavior,

rational investors would counteract it. As an example, they might conduct thorough analyses of

company fundamentals rather than relying on calendar-based trading strategies. The influence of

rational investors would eventually outweigh any irrational trading behaviors, likewise leading to

the disappearance of the September effect. As a result, the persistent nature of the September

Effect is a large issue for the Efficient Market Hypothesis.

The September anomaly would allow investors to use market timing to their advantage

and increase their returns based on the historical fact that September is the worst performing

month. This is a violation of the weak EMH. If the weak version is violated then so is the

semi-strong and if the semi-strong is violated then so is the strong. As a result all three versions

of the EMH are violated and something is amiss. Therefore, it is this paper's goal to look into

possible reasons behind this specific September violation as well as the validity of the

predictions presented.
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CHAPTER 2: LITERATURE REVIEW

There is much to be considered when it comes to why a violation of the EMH

would occur like this. What are the true contributors? What is random? How does it occur in

different areas? How does it occur in different stocks? How does knowing these things support or

disprove what we believe? How does including behavioral finance help understanding of the

phenomenon? This is all taken into consideration while reviewing a few topics of interest around

the September Effect.

Behavioral Finance

A potential alternative to the traditionally accepted efficient market hypothesis is a theory

called behavioral finance. This theory is based on an interdisciplinary field that combines

finance, economics, and psychology to study how psychological factors affect financial

decision-making. It is based on the premise that investors are not always rational and make

decisions that deviate from traditional finance theory assumptions, such as the efficient market

hypothesis and rational expectations theory (Barberis & Thaler, 2003). In this section, a

description of behavioral finance is provided with its core concepts and theories.

Behavioral finance is focused on understanding how emotions, biases, and other

psychological factors influence investors’ decision-making. As mentioned, the theory recognizes

that investors are not always rational and often are influenced by a variety of cognitive and

emotional biases. There are many forms and examples of these biases. Some of the most

common ones studied in behavioral finance include overconfidence, loss aversion, herding

behavior, anchoring, and confirmation bias.
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Overconfidence bias is when investors believe that their abilities and knowledge are

superior to others, which can lead them to make excessive trades or invest in speculative assets.

Loss aversion, on the other hand, is the tendency to feel more pain from losses than pleasure

from gains, which can result in investors holding on to losing positions for too long or selling

winning positions too early.

Herding behavior refers to the tendency of individuals to follow the actions or decisions

of a larger group, without necessarily considering whether those actions or decisions are rational

or appropriate. Alternatively, anchoring is a cognitive bias in which individuals rely too heavily

on the first piece of information they receive (the "anchor"), and subsequently adjust their beliefs

or decisions based on that initial anchor, even if it is irrelevant or arbitrary. Finally, confirmation

bias is the tendency to seek out, interpret, or remember information in a way that confirms one's

preexisting beliefs or hypotheses, while disregarding or discounting information that contradicts

those beliefs or hypotheses (Barberis & Thaler, 2003).

The field of behavioral finance gets its roots from the work of Daniel Kahneman and

Amos Tversky, who in the 1970s and 1980s challenged the traditional assumptions of rationality

and efficiency in economic decision-making. They were the ones to propose that people’s

decision-making is influenced by a range of cognitive biases, such as availability bias and

representativeness bias, which can lead to errors in judgment and decision-making.
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A key concept in behavioral finance is the prospect theory, developed by Kahneman and

Tversky in 1979. Prospect theory is a behavioral model that explains how people make decisions

under uncertainty and risk. It suggests that people evaluate potential gains and losses in a

non-linear way, meaning that losses have a greater impact on people’s emotional state than

equivalent gains (Barberis & Thaler, 2003). This leads to risk and loss aversion when faced with

potential losses, and risk-seeking behavior when faced with potential gains. Prospect theory also

suggests that people tend to overweight small probabilities, which can lead to excessive

risk-taking or fear of rare events.

Framing effect is another important concept in behavioral finance. This refers to the way

that information is presented or framed to investors. The same information can be presented in

different ways, and the way it is framed can influence investors’ perceptions and

decision-making. For example, presenting a stock as having a 90% chance of success may be

more appealing to investors than presenting the same stock as having a 10% chance of failure.

There are several practical applications for behavioral finance in the financial industry.

For example, it can be used to develop investment strategies that take into account the cognitive

biases and heuristics that investors exhibit. One such strategy is the use of momentum investing,

which involves buying stocks that have recently performed well and selling stocks that have

recently performed poorly (Barberis & Thaler, 2003). This strategy is based on the idea that

investors tend to exhibit herding behavior and overreact to recent news, leading to momentum in

stock prices.
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Behavioral finance can also be used to develop financial products that are designed to

appeal to investors’ psychological needs. For example, target-date funds are designed to address

investors’ tendency towards procrastination and decision paralysis by automatically adjusting the

asset allocation of the fund as the investor’s target retirement date approaches.

There are also many ways behavioral finance offers a unique perspective on the

September Effect that highlights the role of psychological factors in investors’ decision-making.

This last part of the analysis will examine how behavioral finance contributes to the September

Effect, and the implications of this for investors and financial professionals.

One key factor that may contribute to the September Effect is the loss aversion, which is

the tendency for investors to hold on to losing positions for too long and sell winning positions

too early (Muradoglu & Taskin, 2015). This behavior can lead to a selling pressure in September

as investors attempt to realize losses before the end of the tax year. Losses in the summer can

cause people to prematurely sell in September due to these factors. The topics of loss aversion

and taxes are addressed further in the market psychology and tax related selling literature review

sections.

The September Effect may also be influenced by herding behavior, where investors

follow the crowd rather than making independent investment decisions. In September, investors

may be influenced by the perception that it is a seasonally weak month for the stock market and

may be more likely to sell their positions to avoid potential losses. This behavior can lead to a

self-fulfilling prophecy, where the selling pressure in September reinforces the perception of
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weakness in the market (Muradoglu & Taskin, 2015). Therefore, there is reason to believe that

the September Effect can be partially explained by behavioral finance. Psychological factors,

such as the disposition effect, the endowment effect, and herding behavior, may contribute to the

selling pressure in September and lead to suboptimal investment decisions. The lack of rational

investors also gives a logical reason to why we might see the efficient market hypothesis fail for

anomalies such as the September Effect.

Post School Holiday Effect

The beginning conjecture brought to attention that the September Effect reflects a broader

“post school holiday effect” where market returns after long school holidays are significantly

lower than alternative times. The hypothesized reasoning behind the claim is that investors are

less attentive to news. This inattentiveness compounded with effects of short sale constraints

cause this low spot we know as the September Effect as well as contributing to other market

decreases. Fang, Lin, and Shao find a striking pattern at a closer look. In the 47 countries

observed, returns are, on average, 1% lower in the months post major school holidays. More

importantly, this lower return is not only driven by September, even though the September

anomaly is pervasive in the northern hemisphere. When September is not considered, a return

gap of 0.6% between postschool holiday months and other times still occurs making the

difference remain highly significant (Fang, Lin & Shao, 2017).

A variation of validation tests were conducted in order to exploit variations in school

calendars that might affect the data. To illustrate, while the school year begins in September for

most states, some have school years that begin in early August. However, it is observed that for
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stock headquarters in these states it is actually August that underperforms more than September

(Fang, Lin & Shao, 2017). Effects are taken into consideration where they stagger holidays based

on regions to reduce tourist congestion in places such as France. These holidays are considered

to have less effect because of the implicit assumption that investors exhibit local bias where local

stocks are mostly kept by local investors. Thus, local bias and the postschool holiday effect are

tested together. These all combined attempt to give a convincing set of data supporting the post

holiday effect of the literature.

The reason for this phenomenon, as discussed above, is hypothesized to be due to

investor inattention and delay in the incorporation of news into price. It is assumed that school

holidays cause many traders to be away from the market. As a result they pay less attention to

information and are less likely to trade. This implies that new information is incorporated into

the price slower than other times. It is also implied that negative information is more difficult to

take advantage of than positive information, and so the slow incorporation of negative news into

prices is particularly severe. This as a whole is what leads to lower returns in the month after

major school holidays.

In order to test this hypothesis, activity was looked at for investors. It was found by the

authors that trading volume is 7.8% lower while school holidays are taking place compared to

time in school. The trading volume is still 2.4% lower during school holidays when there was a

release of earnings news. In addition, the delayed response ratio is used to measure the

comparison of delayed response to the total stock response to earning announcements. The DRR

calculated was about 60% higher for negative news announced during school holidays than at
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other times (Fang, Lin & Shao, 2017). On the other hand, the delayed price response for positive

news during school holidays is not significant. Therefore, it can be assumed that market reaction

to negative news significantly slows down during school holidays while positive news does not

which would support the claim. Stocks news type and trading volume during the holidays were

even considered. This showed that low returns are concentrated among the stocks that release

news during school holidays and especially concentrated among stocks that release negative

news and have lower trading volume during school holidays.

Something interesting that is found is that the postschool holiday effect is stronger in

larger stocks with greater institutional holdings. This cross-sectional pattern is different then

many other anomalies typically concentrated among small, illiquid stocks with low institutional

holdings. However, this could make sense due to the fact that shorting activities can be reduced

by inattention which typically accrue in the larger stocks (Fang, Lin & Shao, 2017).

Tax Related Selling

Another one of the many hypotheses looked into about the September Effect is based on

the idea of realizing capital losses. Essentially if an investor has held a particular stock or index

for long enough and has seen losses on that particular asset, they can then sell before the turn of

the year in order to report those losses as tax relief. One scholarly journal examines the

correlation between tax-related selling and the September Effect. The authors explore the

possibility that the September Effect is driven by this occurrence of individual investors selling

stocks in order to realize capital losses for tax purposes.
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The authors begin their endeavor by noting that the January effect, in which small stocks

tend to outperform large stocks in January, has been widely studied and is thought to be driven

by tax considerations, as investors may sell stocks that have declined in value in order to realize

tax losses before the end of the calendar year. The authors argue that the September Effect may

be driven by a similar tax motive, as investors may sell stocks that have declined in value over

the summer months in order to realize capital losses for tax purposes (Edelen, Garbade, &

Kadlec, 1999). Although this wouldn't seem quite as correlated as selling in January, it relates

enough to be a plausible explanation.

To test this hypothesis, the authors used a sample of individual investors from a large

discount brokerage firm and examined their trading patterns in September and October, as well

as their trading patterns in the preceding months. What they found was that individual investors

are more likely to sell stocks that have declined in value over the summer months in September

and October than in other months of the year (Edelen, Garbade, & Kadlec, 1999). Furthermore,

they find that the magnitude of this effect is greater for stocks that have higher tax implications,

such as those that have been held for longer periods of time or those that have larger unrealized

gains. Therefore, it would be expected to find similar assets underperforming in the month of

September as those stocks begin to be sold.

To adjust for possible errors in their analysis, the authors use a number of statistical

techniques, including controlling for market returns and controlling for the characteristics of the

stocks being sold. They also conduct a number of sensitivity analyses to test the robustness of
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their results. All of these corrections help validate the initial finding of the research about heavy

selling of the summer's losing stocks in the early fall months.

The authors conclude that tax-related selling by individual investors is a significant

contributor to the September Effect. They argue that this finding has important implications for

investors and policy makers, as it suggests that tax policies can have a significant impact on

stock market returns.

Halloween Effect

The second literature considered has to do with the correlation between the September

anomaly and another anomaly called the Halloween Effect. This anomaly is derived from the

idea that equity returns tend to outperform between November and April compared to May

through October. Therefore, people sell in May and don't return till the end of October to avoid

the worst months. Since September is included in this bad bunch it is likely that these anomalies

could amplify the effects of each other based on their individual stigmas.

All of the hypotheses surrounding the effect have to do with seasonality. Weather,

seasonal disorders, and vacation times are all considered possible causes. They also rely on a

general and market-wide behavioral explanation. This makes sense because the anomaly has

been found to be a market-wide phenomenon, however, there is no strong evidence suggesting

that it is a market-wide phenomenon or that the cause of the effect is limited to one of the

possible causes described above. Economic seasonal effects are also considered such as

production and consumption cycles, holiday sales, travel seasons, school cycles and shifts in
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business priorities (Jacobsen & Visaltanachoti, 2009). However, for the specific literature the

focus is mainly on the effect in different industries.

The Halloween effect is compared and contrasted across 17 sectors and 49 industries in

the United States (Jacobsen & Visaltanachoti, 2009). The motivation is to see whether it should

be considered for a market-wide explanation or if the focus for the Halloween effect should be

industry specific. It is found that there were noticeable differences between summer and winter

returns for various sectors and industries over the period observed from 1926 to 2006. The effect

is almost absent in sectors having to do with consumer consumption, but appears to be strong in

production sectors (Jacobsen & Visaltanachoti, 2009).

This anomaly is similar to the September Effect in that it breaks the weak EMH. This is

because it is shown that the seasonal changes can be used for a sector and industry allocation

strategy. This would consist of investors switching from production industries to consumption

industries during the year in order to outperform the general market index. Since changes in

liquidity can be market-wide and specific to sectors, liquidity is considered as an alternative

explanation to the typical seasonality.

The Halloween Anomaly is also similar to that of the September Effect in that the

seasonal effect hasn't disappeared after being discovered. Many well-known anomalies in finance

literature do not continue past their sample periods. This makes the Halloween and September

Effects interesting anomalies to study together and to see how the correlation may go further.
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Market Psychology

As described by Prospect Theory, there is a strong psychological impulse occurring from

incorrect intuitions and biases present in the individual's investment context that amplifies

people’s negative response to potential loss. Psychologically speaking, losses feel larger than

same-sized gains. Therefore, losing 200 dollars creates approximately twice the pain as winning

200 dollars creates pleasure. Fair bets should balance in our favor more than 50% to get us into

action (Mitroi & Stancu, 2014). Loss aversion also creates a reluctance in us to make decisions

that include change. This is due to a focus on what might be lost more than on what might be

gained either as a predisposition to a trend or anticipation of a reversal. A controlling bias that

sways investors and keeps them subjective and emotional. Hence when it comes to personal

financial decisions, it is generally preferred to follow the status quo and be herded along with our

peers.

This irrational fear of loss contained in Prospect Theory and loss aversion are very

relevant to the idea of the September Effect. Since September is known for its poor performance,

people are likely to make irrational decisions around September based on Prospect Theory. For

example a typically rational investor who knows about the September Effect would be more

inclined to sell positions in order to avoid loss. If many individuals traded on these bases it

would have a large negative effect on the market for September. Consequently, more people sell

and cause prices to only continue falling throughout the month. Those affected by loss aversion

would suffer the worst and likely not sell till the end of the month when it was too late.
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When investing it's not only our own bias that we need to watch out for. It's the other

guys that not only brings risk to the system but also changes how markets work and function.

Understanding biases becomes the key to success. These biases are misled judgment, which lack

objectivity and increase when money is involved. These emotional fixations are led by crowd

emotions and push out any independent thinking. Personal experiences also have an effect on

these biases. A previous failure or success colors our investment approach to the market. A

failure makes us more hesitant to risk, while a win makes us more willing to risk (Mitroi &

Stancu, 2014). Furthermore, removing a bias is difficult, because we are so influenced by the

events and news around us.

This philosophy can contribute to market inefficiencies and calendar anomalies such as

the September Effect. One of the key behavioral traits that contributes to the September Effect is

herding behavior. Herding refers to investors' tendency to follow other investors' actions rather

than conduct independent analysis while making investment decisions. When investors engage in

herding behavior, it can lead to a disproportionate influence on the stock market trend, as

decisions made by some investors can have a ripple effect across other market participants.

Moreover, market psychology can also affect investors' reaction to news and market events. In

the context of the September Effect, negative news or events in September may lead to a

disproportionately detrimental reaction by investors, leading to a decline in stock prices (Lo &

MacKinlay, 1999). Due to the fact that investors tend to make their investment decisions in light

of recent events, it may be more likely that they will overreact to negative news in September,

which may lead to a more pronounced September Effect than in earlier months. This combined

with the fact that we have an unproportionate tendency to react stronger to negative news already
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makes for a strong case that market psychology could be a big part of inducing the September

effect.

Elections Effect

A final source considered how theories about political business cycles commonly look

into implications concerning the temporal relationships of elections and turning points in the

business cycle. For instance, theories about opportunistic political business cycles suggest that

the beginning of an expansion phase of the business cycle, also known as a business cycle

trough, is likely in the period before an election. This is based on the assumption that an

incumbent will attempt to maximize chance of reelection. Furthermore, a business cycle peak,

the start of the contraction phase in a business cycle, will typically follow close after an election

as the pre-election impact is quickly reversed. It is not plausible for someone to always predict

future market changes correctly, but the stock market does have patterns that could meaningfully

add to investors’ profits as we have already seen. Since history can be a good guide and a useful

tool in considering entry and exit points in the stock market and a major factor of the real

economy is the economic policies of an incumbent government, it only makes sense that the two

should be considered together as an impact on stock market movements. Nonetheless, this

critical connection is limited in studies.

Duration analysis was used in order to test if the occurrence of a turning point in the

United States stock market cycle can be significantly affected by the happenings of an election.

A turning point in the stock market is when there is either the end of a bear market or the end of

a bull market. The reason duration analysis was used for the study is it is well suited when
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considering the temporal links between stock market turning points and elections. It provides a

way to directly test the determinants when looking at the probability that an end of a market

cycle phase will occur in any period conditional upon the phase lasting up until that period

(Wang, 2019). The determinants that were focused on in the study was the occurrence of turning

point timing related to the outcome of elections. This form of analysis also enables an estimate

for the effect elections have on the chance that the end of a stock market cycle phase occurs

holding other factors constant. Specifically, the duration analysis helps control for duration

dependence that comes about when there is a change in probability at the end of a stock market

cycle as the cycle itself progresses.

Empirical results reported in the paper provide no statistical evidence that an ongoing

bear market is more probable to end in a period before an election compared to other periods no

matter the political party of the president. Meanwhile, there is a significant increase in the

likelihood of the end of a bear market ceteris paribus in the 24-month and the 16-month periods

before an election when a Republican is incumbent (Wang, 2019). Data in the study fails to

provide significant evidence that bull markets endings increase in the post-election period.

The result of post-election effects were examined further by disaggregating the

post-election time period according to the winning party. The results showed that there was a

significant increase in the chance of a market summit occurring directly after a Republican

candidate victory and a significant lowering in the probability of a market trough in the two years

after the election of a Republican president. However, there is no sufficient evidence for

variation in the stock market behavior after Democratic election victories. The results also
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demonstrate that political alignment between the White House and Congress, known as political

control, has a critical role in the timing of the turning points relative to the elections. On the

contrary, when considering exclusively a president who does not have political control, the end

of bear markets, known as market troughs, are less likely to occur prior to elections. Since the

literature was based off of a limited number of stock market cycles, two robustness tests were

conducted in the study. First, to make sure the results are indeed related to the presidential

elections and not coming from some outliers in the data, the observations from the 1929 stock

market crash period and the 2008 market crash period were excluded from the sample to help

find consistent results. The study was then replicated using the nominal stock prices as an

alternative way to show the general market condition, and the new results reaffirm the initial

findings.

The hypothesis proposed in this literature was of two fold. Firstly, Compared to other

times, a bear market is more likely to end in the period leading up to an election; and a bull

market is more likely to complete in the period immediately after an election regardless of the

political party of the president. Secondly, the probability of the end of a bull market is higher in

the wake of a Republican election victory than at other times and is lower after a Democratic

election victory. The likelihood of the end of a bear market is lower after an election of a

Republican president than at other times and is higher after a Democratic election victory than in

other periods (Wang, 2019).

The focus of this study was a set of covariates that represented specified periods before or

after elections. The prior to elections and post-election periods were represented by dummy
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variables that are used as time-varying covariates. That means covariates that can change over

the course of a spell. All these covariates represent one of three different time frames and

likewise are set equal to one of the 8-month, 16-month, or 24-month periods used to observe

either before or after an election. The use of different time frames for the covariates lets there be

investigation into the political effect on the hazard in regards to the length of the period. The

coefficients that were used across different specifications of time frames are directly comparable

since the hazard is an estimate of the probability in the completion of a market cycle phase

within the following month conditional on the fact that it has already lasted up until that month

being observed.

To show how the hazards may depend on the underlying state of the economy, the

literature considers the change time-varying interest rates can have in some specific scenarios as

well. Interest rate levels may be changed by a low-frequency component and therefore could

possibly not contain the supportive information over a sample period as long as the one in the

report. Alternatively, interest rate changes are more likely to track business cycle variation across

the fuller sample. As a result, the data includes both levels and changes in interest rates. The

coefficients prior to the elections and covariates after an election represent the transfer in a

hazard during the chosen period before or after an election, respectively, when holding constant

the effect of duration dependence and minimizing the effect for the underlying economy by

including interest rates. The pre-election and post-election covariates used in tests of the first

hypothesis do not distinguish between political parties. Hypothesis one therefore predicts

positive coefficients on the pre election covariates in hazard estimates for bear markets. This

suggests that the bear markets that have lasted until the period before an election tend to end at
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that point more than at other times (Wang, 2019). The predicted post-election market downturn

from the hypothesis is supported with positive coefficients on post-election covariates in hazard

estimates for bull markets.

The set of post-election covariates used to test the second hypothesis includes separate

covariates for the period after the election based on the party of the given president whether

republican or democratic. Hypothesis two says that the post-election effect is based upon which

party it was that won the election. Consistent with this hypothesis, estimates of hazard function

for bull markets include positive coefficients on the covariates showing the period that follows

the election of a Republican president and negative coefficients on the covariates representing

the period after the choosing of a Democratic president. Furthermore, the hypothesis also

predicts the estimates of hazard functions for bear markets which include negative coefficients

on the covariates representing the period after a Republican president comes into office and

positive coefficients on the covariates that represent the period post-election of a Democratic

president.

In conclusion there is an obvious correlation between elections and turning points of

elections. Similarly to the September Effect no obvious reason is provided for this phenomenon

and it is not for certain, however, it seems likely a big part of it is due to anticipation of change.

As a result, the market follows the speculation creating sometimes drastic changes in

momentum. Since September lies so close to the election period it is likely sucked into this

phenomenon of the hazards and the negative effects are amplified. Since this instigator is only
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once every four years it is probable the overall effects are minimal, however, it still must be

considered and applied.

Literature Review Conclusion

In conclusion, from what we can observe various factors contribute to the September

Effect anomaly in financial markets. Even in just a brief overview of the extensive literature on

the September Effect there are several tentative conclusions that can be drawn. Elections play a

significant role in affecting investors' sentiments, leading to market inefficiencies during this

period. Market psychology, including herding behavior and investors' reactions to negative news

and market events, exacerbate the September Effect. Additionally, the Halloween Effect and

Post-School Holiday Effect have also been observed to contribute to the September Effect, where

investors tend to engage in seasonal trading behavior leading to market inefficiencies.

Understanding the role of these factors, their interplay, and how they can lead to market

inefficiencies and the occurrence of anomalies such as the September Effect can help investors

better manage risks and implement more effective investment strategies. As such, it is crucial

that investors and practitioners consider these factors when analyzing market trends and making

investment decisions because these factors contribute to market inefficiencies and lead to the

occurrence of anomalies such as the September Effect, which cannot be fully explained by

efficient market theory.

The presence of inefficiencies in the market indicates that investors can potentially

outperform the market by exploiting these anomalies, a notion that contradicts the theory of an
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efficient market. This suggests that market efficiency may not hold in all circumstances and that

external factors can generate market anomalies, leading to the occurrence of supposed seasonal

patterns such as the September Effect. Thus, understanding the influence of these factors can

help investors create better and more effective investment strategies that take account of potential

market inefficiencies, regardless of the time of year. Therefore, the efficient market hypothesis

does not fully explain the September Effect, and additional factors outside the scope of

theoretical models must be considered when analyzing financial markets.

We addressed many of the prominent literatures and hypotheses surrounding the

September Effect as well as some of the background into why this is a significant anomaly worth

researching. Although much was considered, there is still a significant amount to be discussed

and further pursued if we have any chance of a complete explanation for such a phenomenon. I

think an important part of the literature that has not been extensively addressed is comparing and

contrasting time series where the September Effect was prevalent to those where it is not. By

doing so you could isolate factors that might be contributing more to the effect than others by

looking at the occurrence of the anomaly compared to those specific factors such as election

times.

It follows that the irregularity in some of these factors such as the elections, post holiday

times, sector, and location plays a large role in the lack of consistency. We see in the election

portion of the review that depending on certain cabinets, house controle and party choices there

can be significantly different results on the market. Furthermore, since this only occurs once

every 4 years it is assumed that this should not always be considered as a significant factor.
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Likewise, there is a large amount of variation in the timing of school holidays and favorable

traveling times in different areas of the world and even some variation within very similar areas.

For example, the schools that went back in August saw lower returns rather than September. We

also saw that when considering the halloween effect the strength of the anomaly changed from

industry to industry and throughout different sectors. It is plausible that these variations could be

very useful in the regression to isolate the correlation and causation.

At the end of the day it's important to consider that despite many studies and analyses, it

is difficult to pinpoint a single cause for this effect. Instead, there are likely many factors that

contribute to the September Effect, and these factors can vary from year to year and across

different markets, sectors, and industries. Furthermore, the September Effect is not consistently

observed across all markets, sectors, or time periods. For example, some studies have found that

the September Effect is more pronounced in small-cap stocks, while others have found that it is

more pronounced in large-cap stocks. This shows that as you look at the market there is a great

amount of volatility across the market and more observations are needed to be considered.

Additionally, the strength and even the direction of the September Effect can vary from year to

year, making it difficult to draw definitive conclusions.

In conclusion, the September Effect is a complex phenomenon that is likely influenced by

many different factors, including changes in investor sentiment, corporate news, seasonal trends

in investor behavior, and macroeconomic events. While researchers have made progress in

identifying possible causes of the September Effect, it remains difficult to pinpoint a single cause

or to draw definitive conclusions about its nature and underlying drivers. As such, investors



27

should be cautious when interpreting the September Effect and should consider a range of factors

when making investment decisions. Likewise, the continued pursuit of identifying causation for

the September Effect and other failures of the efficient market hypothesis is crucial to our

understanding and maintenance of economics and finance as we know it.
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CHAPTER 3: DATA

As the paper moves into the portion of the project relying on personal research, the best

way to effectively calculate the cause of the September Effect is considered. Therefore, a brief

overview of the data chosen to be included beginning first with the dependent variable. Although

an index is often looked at as sufficient for a sampling of the market, the September Effect is an

anomaly that has been observed across a wide array of industries and sectors. Therefore, three

indexes were included to produce a more fitting dependent variable. The S&P 500, Nasdaq, and

Dow Jones are represented in the sample, all widely recognized as good index representations of

the overall U.S. stock market. Since this anomaly is so extensive, I also chose to look at these

three indexes as a way to narrow the data observed down to mainly the US (with some

international representation from the Nasdaq). Each index has its own unique characteristics and

methodology and provides a comprehensive view of the performance of the U.S. equity market.

By including all three, the index's uniqueness is utilized as an advantage to more sufficiently

cover areas affected by the anomaly. A short summary of each index is provided.

The S&P 500 is a market-capitalization-weighted index that includes 500 of the largest

publicly traded companies in the United States (Lo & MacKinlay, 1999). It is widely considered

to be a benchmark for the overall stock market and is used as a performance measure by many

investors and financial professionals. The S&P 500 includes companies from a broad range of

industries, including technology, healthcare, financials, and consumer goods, among others.

The Nasdaq Composite Index is a market-capitalization-weighted index that includes all

the companies listed on the Nasdaq stock exchange. Unlike the S&P 500, which includes only
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U.S.-based companies, the Nasdaq Composite includes both U.S.-based and international

companies (Lo & MacKinlay, 1999). The Nasdaq Index is a good explanation of the stock

market as a whole because it is a broad-based index that includes many different publicly traded

companies across various sectors such as technology, healthcare, retail, and finance. The Nasdaq

Composite is especially viewed as a gauge of the technology sector, as many technology

companies are listed on the Nasdaq exchange. The Nasdaq index is also highly liquid and widely

followed by investors and market analysts, making it a reliable indicator of overall market trends

and sentiment. Overall, the Nasdaq Index is trusted and widely used as a proxy for the broader

stock market, making it a useful tool for investors and analysts to track and analyze market

trends and returns.

The Dow Jones Industrial Average is a price-weighted index that includes 30 large-cap

blue-chip companies that are considered leaders in their respective industries. The Dow Jones

Industrial Average is one of the oldest and most widely recognized stock market indexes in the

world (Lo & MacKinlay, 1999). It is often used as a barometer of the overall health of the U.S.

economy, as the companies included in the index are considered to be representative of key

sectors such as manufacturing, transportation, and energy.

The independent variable began as a collection of these three indexes from 2000-2022.

This time series data sourced from Bloomberg and beginning in December of 1999, the market

values of one share for each index were collected at the end of every month (Bloomberg, 2014).

The closing share values of the day were used to keep the data consistent and to include each

month's total change. These monthly closing share values for the three indexes were then



30

summed together with those of the corresponding month. This created an overall market value

for each month. In order to find the percent change based on these values the following equation

was used:

((Cp - Lp)/Lp)*100 (3.1)

Where Cp equals the current month price being calculated and Lp equals the last month price.

These calculations are the reason December of 1999 data was required. The resulting product is

an average percent change every month for the three indexes. These percent changes are what is

ultimately used as the dependent variable.

The first independent variable included is a dummy variable to represent September

against every other month. This was done by assigning September the value of one while all

other months were kept with zero. This method was chosen opposed to creating twelve

individual dummy variables to represent the months for several reasons. First, this form gives a

simpler regression to isolate September against all other months and see the comparison as a

whole. Second, it allows for an easier platform to work off of when considering other factors.

Third, it avoids removing September to account for collinearity and to enable the comparison

between other months. In this hypothetical scenario it is possible to see how the individual

months compare to September and one another, but not the significance of September on the

corresponding data which is a crucial observation. Instead this September dummy variable

allows us to estimate the effect of September specifically on the stock market returns while still

determining its comparison to other months and statistical significance.
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The next independent variable is the dummy variable associated with the Halloween

Effect. November to April, which based on this anomaly is the better performing half of the year,

will be kept with a zero while May to October is given a one value. This variable is an important

piece of data to the regression analysis. Since September is included in the worst six months of

this dummy variable, it is likely to produce some overlap with the September variable creating

multicollinearity in our regression. However, this could actually push to test the validity of the

September dummy variable. What this means is, since the variables are so correlated, it is

possible the September Effect is just a byproduct of the Halloween Effect or the opposite.

Conversely, if these factors can co-exist it only adds to the September variable’s validity and the

overall significance of the model.

The final data included in the regression is trade volume. Using the same three indexes as

the dependent variable, the Nasdaq, S&P 500, and Dow Jones indexes are split into three

independent variables. Each independent variable's data was drawn from yahoo finance trade

volumes starting January 2000 through December of 2022. The volumes for each index were

collected as a total for every month. This data was included not only for its relevance to the

existing variables, but also plays an important role in looking at the Post School Holiday Affect.

A large factor considered in this hypothesis is the effect of negative news based on trade activity

and attention. Hence trade volumes are a good way to get a glimpse at this specific hypothesis’s

relevance and significance.
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CHAPTER 4: METHODS

As discussed above, the goal of our research is to look at the significance of the

September Effect and possible hypotheses surrounding it using the data collected. The first step

is determining the significance of September on the percent change of our sample market. Hence,

we take the isolated September dummy variable in a simple regression against the Index variable

we have created in order to see if just September has a significant effect on our data. This a

crucial part of the research because if we cannot find a correlation then further research into

causation is unsupported. Therefore, if we cannot find correlation then we accept the null

hypothesis that the Efficient Market Hypothesis is true and September has no predictable effect

on the market. If correlation is found, reject the null hypothesis, conclude that Efficient Market

Hypothesis is false, and continue to look for causality. This regressions equation is:

IN = 𝛂 + 𝛃1SEP (4.1)

Where “IN” represents the Market Index percent change and “SEP” is the September dummy

variable. For the purpose of the paper, we assume that we rejected the Null Hypothesis moving

forwards in order to look into causality.

Once the Null Hypothesis is rejected more independent variables can be included into the

regression. These variables are included in the regression for the possible correlation they are

hypothesized to have with the September Effect. These variables include the rest of the collected

data. Trade Volumes for Nasdaq, S&P 500, and Dow Jones as well as a dummy variable

representing the Halloween Effect are all included. These additional variables are added to the

regression equation:

IN = 𝛂 + 𝛃1SEP + 𝛃2NAS+ 𝛃3S&P + 𝛃4DJ+ 𝛃5HAL (4.2)
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Where “NAS” equals the Nasdaq volume, “S&P” equals the S&P volume, “DJ” equals

the Dow Jones volume, and “HAL” equals the Halloween Effect dummy variable. This equation

is then run for the new and more extensive model results.

The model, having all of the collected variables included, will need to be tested in order

to check for certain biases that could be skewing results. There are many factors that can

potentially create misleading results based on specific information within the data. Correcting for

these potential biases would improve the accuracy and precision of the estimates and

consequently, allow for better inference about the significance of the September Effect.

Homoscedasticity, correlation, and multicollinearity will all be tested and accounted for,

beginning first with homoscedasticity.

Homoscedasticity is tested by examining the residuals for variation. The most important

part of the tests is to determine whether the variance of the residuals in a regression model is

constant. Two tests will be run in order to determine the likelihood of homoscedasticity in the

regression. The white test will be used first.

White's test can be run against the regression to check if the null hypothesis is true and

that homoscedasticity exists. If this is true, any experimentally observed effect is due to chance

alone and no correction is needed. If the null hypothesis is rejected it means that

heteroskedasticity exists and that residuals vary greatly and there may be a factor that can

explain the phenomenon. In order to run this test we input “imtest, white”. This will produce a
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P-value to observe. If that value is less than .05 the null hypothesis is rejected at a 95 percent

confidence interval and we assume the model contains heteroskedasticity and the model needs

correcting. If the value is greater than .05 the null hypothesis stands and nothing needs to be

done.

The Second test run is called the Breusch-Pagan test. This test is very similar to the white

test, but still can be used in order to solidify the conclusions drawn about homoscedasticity and

heteroskedasticity. The main difference between the tests is that it does not include the squares

and interactions of explanatory variables like the white test does. This makes the Breusch-Pagan

test a simpler version of the white test. It does not account for as many types of

heteroskedasticity as the white test, but it handles larger amounts of variables much better. To run

this test the command “estat hettest” is used against the regression. This test also produces a

relevant P-value that you analyze just like the white test.

One solution to solve heteroskedasticity is logging appropriate variables of the

regression. This can be any large, non consecutive numbers that don't include percentages or

non-positive numbers. Once logged those variables are interpreted as a percentage to the

regression. This can help take very large numbers with great variations and make them more

manageable for the regression. Applicable variables to be logged in this case would be the trade

volumes for the three indexes. If log variables do not improve the regression, using a robust

command after the regression is another way to solve the issue. By including “,vce (robust)” at

the end of the regression, the standard errors are switched to robust standard errors solving the

problem of heteroscedasticity.
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The next step is testing for trends in the regression. Adding a trend coefficient to the

linear regression of the September Effect would help to account for any linear trend or pattern

over time that may be influencing the relationship between the month of September and percent

change or the index. This could be particularly relevant if there is a gradual increase or decrease

in the dependent variable over time, as this may impact the magnitude or direction of the

September Effect. By including a trend coefficient, the regression model would be able to

estimate the impact of both the month of September and any linear trend simultaneously,

providing a more accurate and comprehensive analysis. Additionally, it helps to identify whether

the September Effect is becoming stronger or weaker over time, which could have important

implications for forecasting or prediction purposes.

The final analysis of the regression is to test for multicollinearity. What this means for a

regression is that two or more independent variables are correlated to one another. High

multicollinearity can cause problems with the results of the model due to the cross over in

information. The addition of highly correlated variables can vastly skew the coefficients of one

another and cause other issues with the model's outputs. In order to test for multicollinearity two

tests can be run against the regression. The first tests the possible correlation percentages

between each pair of individual variables. If these numbers are close to 1 or -1 there could be

risk of collinearity for the associated two variables. To run this test the term “pwcorr” followed

by all the variables is run against the regression. The next test weighs the extremity of the

correlation on a zero to ten scale and more certainly aids in removing unnecessary variables. For

this test the input is “vif” and each variable has a specific output associated with it. If the value is
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between 0 and .25 there is high risk of multicollinearity and the variable should be removed.

From .25 to 5 risk is low, from 5 to10 risk is mild and 10 or above is untolerable and should be

removed from the model. This also aids in building a more reliable and accurate regression by

removing unneeded data.

All put together the final equation is:

IN = 𝛂 + 𝛃1SEP + 𝛃2logNAS + 𝛃3logS&P + 𝛃4logDJ + 𝛃5HAL + 𝛃6TREND (4.3)

Where log represents the log versions of the three index trade volumes.
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CHAPTER 5: RESULTS

As described in the methods, the first regression run was a simple linear regression

between the September dummy variable and my dependent variable of average Index percent

change. The purpose of this regression was to find the type of correlation September had on this

market sample and the significance of it. The described results are below.

Table 5.1 - A simple linear regression run on Excel isolating the September variable against the
monthly percent change index dependent variable.

The first consideration is the values for our September Effect independent variable. The

main focus when looking at the variable is in two parts. How does the independent variable

affect the dependent variable and how reliable is the estimate on that correlation? The effect is

represented by the correlation coefficient present in the far left column of the model. The number

included in that column is the effect that the independent variable has on the dependent variable

when the independent variable increases by one unit. Therefore, if this coefficient is negative

there is a negative correlation on the independent variable and if the coefficient is positive then

the correlation is positive. There are several indicators that can be used to determine if the

correlation coefficient is significant to the model or not. This includes the P-values denoted as |P|
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> t , t statistics denoted by t, and t-stat interval denoted by [95% conf. Interval]. Each indicator

takes a slightly different approach to validating or discrediting the variable coefficients. Each

indicator is sufficient to check for coefficient significance and typically give the same results,

however, checking with multiple indicators increases the confidence level of the conclusions

drawn. Hence, P-value and T-stats will both be considered for the regression result analysis.

The September variable is the only one included in the regression. The coefficient

associated with this variable is -2.28. Therefore, September has a negative correlation such that

the market percent change is expected to be 2.28 percent less in September than the other

months. This value is taken in a percentage because of the nature of our dependent variable

which was calculated as a monthly percent change. This result still supports the original

hypothesis of the September Effect where September has a negative effect on the market. In

order to check the significance the P-value and t-stats interval are considered. The P-value for the

September variable is 0.020. Since this value is less than 0.05 we can reject the null hypothesis

for this coefficient at a 95% confidence level. The t-stat interval for this variable ranges from

-4.21 to -.361. Since the range does not contain zero, as the null hypothesis would suggest, we

can once again reject and use the alternative hypothesis. Since both the P-value and t-stat interval

reject the null hypothesis it is concluded that the September variable correlation coefficient is

statistically significant to the model.

Next addressed is the general overview indicators for the regression and their significance

to the overall model. The R-squared shows the percent of variation in the dependent variable that

is explained by the provided independent variables of the regression. As seen in table 5.1,
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R-squared is equal to 0.0196. The interpretation of these results are that variations in SEPT

account for 1.96% of the variation in IN. Just below we see the adjusted R-squared indicator.

This is very similar to R-squared, however, it accounts also for the number of independent

variables included in the regression and adjusts accordingly. As a result, if insignificant

independent variables are included in the regression the adjusted R-squared will be negatively

affected where R-squared will not. Therefore, adjusted R-squared is typically lower than

R-squared especially as the number of included independent variables increase. The adjusted

R-squared for the model is 0.0159. The interpretation of these results are that our independent

variables account for explaining 1.6% of the dependent variable variation. Both of these numbers

are relatively low representation of the dependent variable. This indicates that there are likely

other factors that can explain the variation more completely or that the data is highly random

such as the Efficient Market Hypothesis would suggest and any correlations found will seem

relatively small.

The F test shown as Prob > F is an indicator that describes the significance of the overall

model. If this value is too large then it must be assumed that the overall data of the model cannot

be trusted. There are different intervals that can be used to interpret these values. The most

typical are 90%, 95%, and 99% confidence intervals. As we see in Table 5.1 the F test given for

the regression is 0.020. Since this value is greater than .01 the regression cannot reject the null

hypothesis at a 99 percent confidence interval and any correlation found must be attributed to

chance for that confidence level. However, since the value is less than 0.05 we can reject the null

hypothesis at a 90 and more effectively 95 percent confidence level and accept correlation within

the model at that confidence level. In cases such as this where only one independent variable
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exists, the P-value of the F test is equal to the P-value of the independent variable, in this case

SEPT.

Hence, the null hypothesis is rejected and we conclude that September is negatively

correlated to the percent change of the sample market. Thus, there is reason to continue research

on further explanation and a multivariable regression is run to determine more information

surrounding the correlation.

Table 5.2 - A multilinear regression run on Stata from data collected in excel.

The first independent variable included in the regression is the September dummy

variable. The coefficient associated with this variable is -2.24. Therefore, September has a

negative correlation such that the market percent change is expected to be 2.24 percent less in

September than the other months. This result still supports the original hypothesis of the

September Effect where September has a negative effect on the market. In order to check the

significance the P-value and t-stat interval are considered. The P-value for the September



41

variable is 0.030. Since this value is less than 0.05 we can reject the null hypothesis for this

coefficient at a 95% confidence level. The t-stat interval for this variable ranges from -4.25 to

-.22. Since the range does not contain zero, as the null hypothesis would suggest, we can once

again reject and use the alternative hypothesis. Since both the P-value and t-stat interval reject

the null hypothesis it is concluded that the September variable correlation coefficient is

statistically significant to the model.

The next three variables are the index trade volume variables. The coefficient associated

with the nasdaq variable is 2.15e-11. Therefore, the Nasdaq has a slight positive correlation such

that the market percent change is expected to be 2.15e-11 percent more for every trade in the

nasdaq. The P-value for the Nasdaq variable is 0.213. Since this value is more than 0.05 it can’t

reject the null hypothesis for this coefficient at a 95% confidence level. The t-stat interval for this

variable ranges from -1.24e-11 to 5.55e-11. Since the range does contain zero, once again the null

hypothesis stands. Since both the P-value and t-stat interval do not reject the null hypothesis it is

concluded that the Nasdaq variable correlation coefficient is statistically insignificant to the

model.

The coefficient associated with the Dow Jones volume variable is -3.60e-10. Therefore, the

Dow Jones has a slight negative correlation such that the market percent change is expected to be

3.60e-10 percent more for every trade in the Dow Jones index. The P-value for the Dow Jones

variable is 0.029. Since this value is less than 0.05 the null hypothesis is rejected for this

coefficient at a 95% confidence level. The t-stat interval for this variable ranges from -6.82e-10 to

-3.75e-11. Since the range does not contain zero, once again the null hypothesis is rejected. Since
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both the P-value and t-stat interval reject the null hypothesis it is concluded that the Dow Jones

variable correlation coefficient is statistically significant to the model.

The coefficient associated with the S&P variable is -3.16e-12. Therefore, the S&P has a

slight negative correlation such that the market percent change is expected to be -3.16e-12 percent

more for every trade in the S&P. The P-value for the S&P variable is 0.764. Since this value is

more than 0.05 it can’t reject the null hypothesis for this coefficient at a 95% confidence level.

The t-stat interval for this variable ranges from -2.39e-11 to 1.76e-11. Since the range does contain

zero, once again the null hypothesis stands. Since both the P-value and t-stat interval do not

reject the null hypothesis it is concluded that the S&P variable correlation coefficient is

statistically insignificant to the model.

Finally, we include our halloween effect dummy variable. The coefficient associated with

the variable is -.141. Therefore, the Halloween Effect has a slight negative correlation such that

the market percent change is expected to be -.141 percent lower during the months of May to

October. Currently September is also included here, so the effect of September on returns is

equal to -2.24 - 0.14 which is equal to the overall effect of -2.38 for September. However, the

P-value for the dummy variable is 0.803. Since this value is more than 0.05 it can’t reject the null

hypothesis for this coefficient at a 95% confidence level. The t-stat interval for this variable

ranges from -1.26 to .974. Since the range does contain zero, once again the null hypothesis

stands. Since both the P-value and t-stat interval do not reject the null hypothesis it is concluded

that the Halloween Effect variable correlation coefficient is statistically insignificant to the

model.
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For the multilinear model, R-squared is equal to 0.0372. Thus our independent variables

account for explaining 3.7% of the dependent variable variation. The adjusted R-squared for the

model is 0.0194 so the independent variables explain 1.9% of the dependent variable variation

adjusting for the number of independent variables. Both of these numbers are still a low

representation of the dependent variable because there is still a lot of the variation not explained .

This indicates that there are still likely other factors that can explain the variation more

completely even after adding variables or once again that the data is highly random such as the

Efficient Market Hypothesis would suggest.

As we see in Table 5.2 the F value given for the regression is 0.0674. Since this value is

greater than .05 the regression cannot reject the null hypothesis at a 95 or 99 percent confidence

interval and any correlation found must be attributed to chance. However, since the value is less

than 0.10 we can reject the null hypothesis at a 90 percent confidence level and accept

correlation within the model at that confidence level.

Figure 5.1 - White Test ran in Stata on Table 5.2 regression.
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Figure 5.2 - Breusch-Pagan test ran in Stata on Table 5.2 regression.

The regression is then tested for homoscedasticity. First the White test is run as shown in

Figure 5.1. The P-value shows as 0.0000. Since the value is less than .05 we reject the null

hypothesis of homoscedasticity. Similarly, the Breusch-Pagan test is run as in Figure 5.2. The

P-value is once again 0.0000 and the null hypothesis is rejected. As a result we conclude that our

regression contains heteroskedasticity and corrections must be made.

Figure 5.3 - The log index trade volume variables generated in Stata to adjust for large values
and heteroskedasticity.
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Table 5.3 - A multilinear regression run on Stata from data collected in excel with the addition of
the log index trade volume variables instead of the original value driven variables.

The first correction for homoscedasticity is taking the log of the three index trading

volumes. After the new variables are generated as above in Figure 5.3 the old volume variables

are replaced and a new regression is run as in Table 5.3. R-squared is equal to 0.0323. Thus our

independent variables account for explaining 3.23% of the dependent variable variation and is

slightly lower than the previous regression. The adjusted R-squared for the model is 0.0144 so

the independent variables explain 1.44% of the dependent variable variation adjusting for the

number of independent variables which is also slightly lower. This indicates that on top of there

still likely being other factors that can explain the variation more completely, the previous

variables may have explained the dependent variable slightly better.

The given F value for the regression is 0.1128. Since this value is greater than .10 the

regression cannot reject the null hypothesis at any of the three percent confidence intervals and
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any correlation found must be attributed to chance. This furthermore suggests that the index

trade volume's original form was a better representation of the overall model. Still we will look

into the variables.

The September dummy variable’s coefficient is -2.22. Therefore, September has a

negative correlation such that the market percent change is expected to be 2.22 percent less in

September than the other months. This result still supports the original hypothesis of the

September Effect where September has a negative effect on the market, however, since the

overall model is rejected this is less significant. The P-value for the September variable is 0.032.

Since this value is less than 0.05 we can reject the null hypothesis for this coefficient at a 95%

confidence level. The t-stat interval for this variable ranges from -4.24 to -.196. Since the range

does not contain zero, as the null hypothesis would suggest, we can once again reject and use the

alternative hypothesis. Since both the P-value and t-stat interval reject the null hypothesis it is

concluded that the September variable correlation coefficient is statistically significant to the

model.

Next we include our halloween effect dummy variable. The coefficient associated with

the variable is -.124. Therefore, the Halloween Effect has a slight negative correlation such that

the market percent change is expected to be .124 percent lower during the months of May to

October. The P-value for the dummy variable is 0.828. Since this value is more than 0.05 it can’t

reject the null hypothesis for this coefficient at a 95% confidence level. The t-stat interval for this

variable ranges from -1.24 to .994. Since the range does contain zero, once again the null

hypothesis stands. Due to both the P-value and t-stat intervals not rejecting the null hypothesis it
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is concluded that the Halloween Effect variable correlation coefficient is statistically

insignificant to the model.

The coefficient associated with the log nasdaq variable is .657. Therefore, the log Nasdaq

has a slight positive correlation such that the market percent change is expected to be .657

percent more for every percent increase in the nasdaq trade volume. The P-value for the Nasdaq

variable is 0.574. Since this value is more than 0.05 it can’t reject the null hypothesis for this

coefficient at a 95% confidence level. The t-stat interval for this variable ranges from -1.64 to

2.96. Since the range does contain zero, once again the null hypothesis stands. Since both the

P-value and t-stat interval do not reject the null hypothesis it is concluded that the Nasdaq

variable correlation coefficient is statistically insignificant to the model.

The coefficient associated with the Dow Jones variable is -1.28. Therefore, the Nasdaq

has a slight negative correlation such that the market percent change is expected to be 1.28

percent less for every percent increase in the Dow Jones index trade volume. The P-value for the

Dow Jones variable is 0.089. Since this value is greater than 0.05 the null hypothesis is not

rejected for this coefficient at a 95% confidence level. The t-stat interval for this variable ranges

from -2.75 to .198. Since the range contains zero, once again the null hypothesis is not rejected.

Since both the P-value and t-stat interval do not reject the null hypothesis it is concluded that the

Dow Jones variable correlation coefficient is statistically insignificant to the model.

The coefficient associated with the S&P variable is .201. Therefore, the S&P has a slight

positive correlation such that the market percent change is expected to be .201 percent more for
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every percent increase in the S&P trade volume. The P-value for the S&P variable is 0.757.

Since this value is more than 0.05 it can’t reject the null hypothesis for this coefficient at a 95%

confidence level. The t-stat interval for this variable ranges from -1.08 to 1.48. Since the range

does contain zero, once again the null hypothesis stands. Since both the P-value and t-stat

interval do not reject the null hypothesis it is concluded that the S&P variable correlation

coefficient is statistically insignificant to the model.

Figure 5.4 - White Test ran in Stata on Table 5.3 regression.

Figure 5.5 - Breusch-Pagan test ran in Stata on Table 5.3 regression.

The regression is then tested for homoscedasticity again. First the White test is run as

shown in Figure 5.4. The P-value shows as 0.0000. Since the value is less than .05 we again

reject the null hypothesis of homoscedasticity. The Breusch-Pagan test is run as in Figure 5.5.

The P-value this time is 0.0009. The logged indexes slightly improved this P-value, however, not

by enough and the null hypothesis is still rejected. In order to confirm the heteroskedasticity we
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also graph the residuals against the fitted values as seen in Figure 5.6. We see signs of

heteroskedasticity where the residuals are larger near the mean of the distribution and less so at

the extremes. Furthermore, there exists a systematic pattern of fitted values. As a result we

conclude that our regression still contains heteroskedasticity and that the log corrections should

be removed due to decreased regression significance.

Figure 5.6 - A graphical representation of the heteroskedasticity present in Table 5.3.
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Table 5.4 - A version of table 5.2 with robust standard errors to correct for heteroscedasticity.

Since the heteroskedasticity of the market could not be corrected with log index trade

volumes, the standard errors must be converted into robust standard errors in order to account for

the phenomenon. Essentially to add the robust standard errors to the model the empirical

variability of the model residuals are used to adjust the original standard errors. Empirical

variability is the difference between observed outcome and the outcome predicted by the

statistical model. This process corrects the heteroskedasticity and our model.
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Table 5.5 - A version of table 5.2 with the trend variable added to account for correlation patterns
over time.

Since the dependent variable and index trade volumes are all time series data it is very

easy for there to be trends over time in the data. For example the trade volumes are bound to

increase over time as the market continues to grow. Adding the trend variable to our regression

acts as a proxy for these variables that are highly correlated to time, but the effects are too

difficult to directly see.

For the multilinear model including the trend variable in Table 5.5 the R-squared is equal

to 0.0566. Thus our independent variables account for explaining 5.7% of the dependent variable

variation. The adjusted R-squared for the model is 0.0356 so the independent variables explain

3.6% of the dependent variable variation adjusting for the number of independent variables. Both

of these numbers are still a low representation of the dependent variable, however, these are the

highest percentage of explanations received from the models yet. The F value given for the
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regression is 0.0149 which similarly to R-squared is an improved significance to the model.

Since this value is less than .05 the regression can reject the null hypothesis at a 95 percent

confidence interval and accept correlation within the model at that confidence level.

The first independent variable included in the regression is the September dummy

variable. The coefficient associated with this variable is -2.34. Therefore, September has a

negative correlation such that the market percent change is expected to be 2.34 percent less in

September than the other months. The P-value for the September variable is 0.022. Since this

value is still less than 0.05 we can reject the null hypothesis for this coefficient at a 95%

confidence level. The t-stat interval for this variable ranges from -4.34 to -.34. Since the range

does not contain zero we can once again reject the null hypothesis and use the alternative

hypothesis. Since both the P-value and t-stat interval reject the null hypothesis it is concluded

that the September variable correlation coefficient is statistically significant to the model.

The main difference in the three index trade volume variables is the significance of the

Dow Jones coefficient. In the original multilinear regression the Dow Jones coefficient is

-3.60e-10. Therefore, the Dow Jones has a slight negative correlation such that the market percent

change is expected to be 3.60e-10 percent more for every trade in the Dow Jones index. The

P-value for the Dow Jones variable is 0.029. Since this value is less than 0.05 the null hypothesis

is rejected for this coefficient at a 95% confidence level. The t-stat interval for this variable

ranges from -6.82e-10 to -3.75e-11. Since the range does not contain zero, once again the null

hypothesis is rejected. Since both the P-value and t-stat interval reject the null hypothesis it is

concluded that the Dow Jones variable correlation coefficient is statistically significant to the old
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model. However, when the trend variable is added to the regression the statistical significance is

affected. The P-value increases to .094 which is larger than .05 and is rejected at the 95%

confidence level. Likewise, the t-stat interval for the Dow Jones is -6.06e-10 to 4.81e-11 in the

trend model. This interval contains zero and therefore is rejected at a 95% confidence interval.

This means that the trend corrected a falsely significant variable that was skewed due to time

correlation. In order to ensure this change was correct the significance of the variable is

addressed. The P-value of the trend variable is .019 which is below .05 and accepted at a 95%

confidence level. The t-stat interval of the trend variable is -.0217 to -.002. This interval does not

contain zero and therefore the variable is again accepted at a 95% confidence level. Thus we can

conclude that the trend variable is statistically significant and has a correcting effect on the

variables, specifically the Dow Jones trade volume variable.

Table 5.6 - A correlation test ran on table 5.5 to check for multicollinearity likelihood between
variables.
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Table 5.7 - A test for multicollinearity severity of variables ran on Table 5.5.

The regression must be now checked for multicollinearity. In order to do so the

commands shown in Table 5.6 and Table 5.7 can be used. Table 5.6 produces a table of

correlation percentages represented in decimals between 1 and -1 where 1 would be 100%

positive correlation and -1 would be 100% negative correlation. As we see in the table many of

the variables are suggested to have slight negative correlations to one another. The strongest

correlations in the table are found between the trend variable and two of the trade volumes which

it is proxying for. The first is the Nasdaq trade volume at a -60% correlation and the second is a

66.3% correlation with the S&P trade volume variable. This makes sense due to the fact that we

expected these variables to interact in order to correct the time correlations. The Table 5.7 tests

each variable to see the correlation strength and outputs a correlation strength denoted by VIF.

The VIF scale has 3 ranges that help determine if each variable needs to be removed due to

multicollinearity. The interval with the weakest multicollinearity is between .25 and 5 where all

of the model variables are located. Hence, we do not have any significant multicollinearity and

all the variables can stay included.
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Table 5.8 - A variation of Table 5.5 that includes robust standard errors to account for
heteroskedasticity in the final model.

Now that the regression is checked and free of multicollinearity and time trends the

robust standard errors are added back to account for the heteroskedasticity on the final

regression. For the multilinear model including the trend variable and robust standard errors as in

Table 5.8 the R-squared, F variable and coefficients all remain constant to the Table 5.5

regression. R-squared remains equal to 0.0566. Thus our independent variables account for

explaining 5.7% of the dependent variable variation. The adjusted R-squared for the model is

0.0356 so the independent variables explain 3.6% of the dependent variable variation adjusting

for the number of independent variables. The F value given for the regression is 0.0149 which is

less than .05 so the null hypothesis is rejected at a 95 percent confidence interval and correlation

within the model is accepted.
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The first independent variable included in the regression is one again the September

dummy variable. The coefficient associated with this variable is -2.34. Therefore, September has

a negative correlation such that the market percent change is expected to be 2.34 percent less in

September than the other months. The P-value for the September variable is 0.037. Since this

value is still less than 0.05 we can reject the null hypothesis for this coefficient at a 95%

confidence level. The t-stat interval for this variable ranges from -4.54 to -.148. Since the range

does not contain zero we can once again reject the null hypothesis and use the alternative

hypothesis. Since both the P-value and t-stat interval reject the null hypothesis it is concluded

that the September variable negative correlation coefficient is statistically significant to the final

model.

The coefficient associated with the nasdaq variable is 1.43e-12. Therefore, the Nasdaq has

a slight positive correlation such that the market percent change is expected to be 1.43e-12 percent

more for every trade in the nasdaq. The P-value for the Nasdaq variable is 0.941. Since this value

is more than 0.05 it can’t reject the null hypothesis for this coefficient at a 95% confidence level.

The t-stat interval for this variable ranges from -3.64e-11 to 3.93e-11. Since the range does contain

zero, once again the null hypothesis stands. Since both the P-value and t-stat interval do not

reject the null hypothesis it is concluded that the Nasdaq variable correlation coefficient is

statistically insignificant to the model.

The coefficient associated with the Dow Jones variable is -2.79e-10. Therefore, the Dow

Jones has a slight negative correlation such that the market percent change is expected to be

-2.76e-10 percent more for every trade in the Dow Jones index. The P-value for the Dow Jones
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variable is 0.155. Since this value is more than 0.05 the null hypothesis is accepted for this

coefficient at a 95% confidence level. The t-stat interval for this variable ranges from -6.63e-10 to

-1.06e-10. Since the range does contain zero, once again the null hypothesis is accepted. Since

both the P-value and t-stat interval do not reject the null hypothesis it is concluded that the Dow

Jones variable correlation coefficient is statistically insignificant to the model.

The coefficient associated with the S&P variable is -1.84e-11. Therefore, the S&P has a

slight negative correlation such that the market percent change is expected to be -1.84e-11 percent

more for every trade in the S&P. The P-value for the S&P variable is 0.308. Since this value is

more than 0.05 it can’t reject the null hypothesis for this coefficient at a 95% confidence level.

The t-stat interval for this variable ranges from -5.40e-11 to 1.71e-11. Since the range does contain

zero, once again the null hypothesis stands. Since both the P-value and t-stat interval do not

reject the null hypothesis it is concluded that the S&P variable correlation coefficient is

statistically insignificant to the model.

Finally, we include our halloween effect dummy variable. The coefficient associated with

the variable is -.123. Therefore, the Halloween Effect has a slight negative correlation such that

the market percent change is expected to be .123 percent lower during the months of May to

October. The P-value for the dummy variable is 0.822. Since this value is more than 0.05 it can’t

reject the null hypothesis for this coefficient at a 95% confidence level. The t-stat interval for this

variable ranges from -1.196 to .951. Since the range does contain zero, once again the null

hypothesis stands. Since both the P-value and t-stat interval do not reject the null hypothesis it is
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concluded that the Halloween Effect variable correlation coefficient is statistically insignificant

to the model.
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CHAPTER 6: CONCLUSION

The purpose of this project was to look into the September Effect as a stock market

phenomenon and more specifically the validity of the anomaly, the possible contributing factors

and how this information would affect the stock market as a whole. Looking now at the final

regression and its associated conclusions, there are many interesting findings that are worth

noting. My first significant finding is a consistent rejection of the null hypothesis for the

September dummy variable concluding that there was a significant correlation between that

variable and the monthly percent change of the average index. Seeing this result in the simple

linear regression that began our results, the significance was never lost. Even as the model

became less reliable due to the logged index trade volume variables, the only variable that stayed

relevant was the September variable. Likewise, through all of our regression corrections the

September dummy variable continued to be significant. There are many applications this has to

both the paper and larger economic topics.

Setting out on this topic it was never guaranteed a correlation between September and

negative stock returns would ever be found. However, the detection of this phenomenon allowed

for a further look into economic research and reasoning. Most importantly it gave an unexpected

conclusion to ponder. There is evidence that September can have a significant negative effect on

markets. It opened up an opportunity to search through more than just a question of correlation

but also causality. This allowed for more interesting data to be collected and tested. In turn this

led us to our final regression where September has a coefficient of -2.34. This coefficient is no

slight deviation from the typical month; it is a large and significant decrease in the market based

on the model. So what does this mean?
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If indeed there is a large and significantly negative correlation between September and

the market that means that in this case the efficient market hypothesis has a weak or semistrong

violation. This violation tells us that information is not being appropriately collected and utilized

to adjust the market. Information is missing from the market leaving a gap between the intrinsic

value and stock value that people can take advantage of. This lag of information discrediting the

efficient market hypothesis is detrimental to many economic theories and models that rely on the

theory to operate.

Luckily there are many factors about the final regression that we must consider before we

can draw that conclusion. First let's consider the further supporting factors to September having a

negative effect on the market and violating the efficient market hypothesis. The model's f-value

is equal to .015. This is well within the 95% confidence interval. Since the overall model is

significant and September is the only significant independent variable, it suggests that September

truly has a significant impact on the market in this model. Furthermore, we look at the intercept

coefficient which has a P-value that is correlated with the market and its coefficient is positive as

we would expect from a growing stock market on a regular basis. Finally the halloween variable

is considered. If the halloween effect was also a significant variable, the variable would likely be

highly correlated with September and September could just be a residual effect of that larger

calendar anomaly. However, this is not the case. The halloween coefficient is not significant in

any cases. Since the September variable is significant despite this, it solidivise even further that it

is September specifically that is having an effect on the model market.
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There are also regression factors that tend to not support the September findings. First we

look at the R-squared value of .0566 and even a lower adjusted R- squared value of .0356. This

means that the current variables account for somewhere between 5.7% and 3.6% of the total

variance. This leaves a lot of area for interpretation as mentioned before. It is likely that there are

other factors with greater correlation to the coefficient that were left out and should be included

that would change the results. This can create a bias for the given data making conclusions less

certain. Another factor that questions the confidence of the equation is the insignificance of the

trading volumes. One of the largest theories surrounding the September Effect is an abnormal

amount of negative information hitting the market due to an uptick in trading volume after a

slower period. Since these variables are insignificant we have no real good reasoning behind our

findings. We once again are without any evidence for a conclusive reason behind the anomaly.

It is very interesting to see a significant negative variable show up in the data, however,

without more factors represented and explaining more of the variation it is difficult to claim any

confident conclusions on the basis of September's negative effect on the market. Furthermore,

without any significant causality variables, the mystery still remains what could be behind the

September Effect. More research is needed to make any absolute conclusions.

Moving forward it would be practical to involve other variables besides the September

dummy variable to explain the variation involved in the market's monthly percent change and see

how that would affect the model. It could also be reasonable to include a lagged variable for the

market trade values since the effects are typically following a slow trade month. In conclusion,

more research is needed to be certain about drawing any conclusions. However, seeing a
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September variable represent the anomaly so well based on the index market changes gives a

good reason to continue searching and may be an indication that a solution is near.
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