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Abstract 

From a behavioral finance perspective, the effect of environmental factors on investor sentiment 

and consequently average daily stock returns is studied. More specifically, by relaxing the 

assumptions underlying traditional finance theorems, the effect of lunar phases, daylight and 

sunlight on systematic irrational investor behavior is analysed. Biological as well as 

psychological literature stress the importance of the effect of environmental factors on 

individual behavior. It was hypothesized that an increase in either daylight or sunlight would 

increase investor sentiment and therefore yield increased abnormal returns. Contrarily, the 

effect of different of lunar phase was hypothesized to be non-existent. The hypotheses regarding 

the effect of daylight and sunlight were tested using both cross-sectional as well as time-series 

based (multiple) regression analyses. The effect of different lunar phases was studied using a 

standard T test. A sample consisting of 31.882 daily returns obtained from twenty-three national 

indices located throughout six continents proved the light-based relationships to be non-

significant (T = 1.0179 & P = 0.3089; T = 0.8285 & P = 0.4075). However, different lunar 

phases were found to correlate with average daily stock returns. Whereas the full moon phase, 

the first quarter phase and the third quarter phase were not significantly different from the 

sample average, the full moon phase yielded significantly higher returns (T = 3.228 & P = 

0.00066). Multiple possible explanations are given regarding the discrepancy between the well-

founded hypotheses and the results, including factors such as developing societal lifestyles, 

market segmentation, trading techniques and mediating variables. In order to increase 

understanding of the role of environmental factors in the prediction of security prices, future 

research could focus on the effect of environmental factors on investor sentiment for individual 

investors as opposed to institutional factors. Further, integrating other possible mediating 

variables into the environmental framework could lead to a profitable behavioral-finance-based 

investment strategy. 

 

 

 

 

 

 

 

In so far as a scientific statement speaks about reality, it must be falsifiable; and in so far as it 

is not falsifiable, it does not speak about reality - Karl Popper 
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1. Introduction 

The efficient market hypothesis and the modern portfolio theory form the foundation of 

traditional finance research (Ricciardi & Simon, 2000). Fama (1970) developed the efficient 

market hypothesis arguing that the price of a security fully reflects the available information. 

Real-world financial markets are assumed to be efficient and do not allow for arbitrage 

(Shleifer, 2000). The modern portfolio theory illustrates how rational investors can construct 

portfolios to optimize expected return for a certain level of market risk. Efficient or optimal 

portfolios offer the maximum possible expected return for the given risk level (Markowitz, 

1952). Traditional finance, which has been the leading framework for decades, has used both 

theories as a foundation for research. In other words, traditional finance strives to explain the 

financial markets using models and theories in which investors are rational (Ritter, 2003). 

Strictly speaking, traditional finance assumes (1) decision makers have a well-defined utility 

function, (2) the decision maker faces well-defined alternatives to choose from, (3) the decision 

maker can assign ‘a consistent joint probability distribution to all’ the available alternatives and 

(4) the decision maker strives to maximize the expected value of the utility function (Tseng, 

2006). Although there is theoretical as well as empirical evidence to support these traditional 

financial assumptions, research has shown that aggregate stock market behavior, trading 

behavior and cross-sectional average returns cannot be explained entirely through the 

traditional finance framework (Barberis & Thaler, 2002). Traditional finance does not provide 

the resources to fully understand issues as (1) why do investors trade, (2) what factors dictate 

individual investor performance, (3) how do investors select and construct portfolios and (4) 

why are returns variable across stocks for factors other than risk (Subrahmanyam, 2007).  

 

By relaxing traditional finance assumptions of (expected) utility maximization, rational agents 

and efficient markets, behavioral finance studies the financial markets from a different 

perspective (Baker & Wurgler, 2011). Behavioral finance argues that some of the observed 

financial phenomena can be understood using financial models in which the agents, contrary to 

traditional finance, are not entirely rational (Barberis & Thaler, 2002). Statman (2008) states 

the world of traditional finance is inhabited by rational people whereas the world of behavioral 

finance is inhabited by ‘normal’ people. Rational people will always prefer more wealth over 

less wealth and will never be dazed by the form of wealth. Normal people however, are affected 

by heuristics and cognitive biases. Normal people are willing to sacrifice wealth for status or 

social recognition which is unimaginable from a rational point of view (Statman, 2008).  
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Behavioral finance is a relatively new approach towards the understanding of the financial 

markets. The two fundamental building blocks of behavioral finance include cognitive 

psychology and limits to arbitrage. Cognitive psychology is the scientific study of the mind 

from an information processing perspective. In simpler words, cognitive psychology studies the 

way people think. Saks & Kidd (1980) state that people make systematic errors in the way 

information is processed. Individuals assume their behavior and decisions are based upon 

rational processes however, Kahneman & Tversky (1974) argue that three heuristics and biases 

are largely responsible for and employed in making judgments under uncertainty. Although the 

heuristics are highly economical and usually effective, the representativeness heuristics, the 

availability heuristic and the anchor bias lead to systematic and predictable errors (Kahneman 

& Tversky, 1974). Behavioral finance uses these cognitive insights to increase understanding 

of financial phenomena (Ritter, 2003). Limited arbitrage entails the prediction of market 

inefficiency. Researchers study in what circumstances arbitrage forces are effective, and when 

they are not (Baker & Wurgler, 2012). Research has shown that security market mispricing’s 

are often not true opportunities for arbitrage (Ritter, 2003). A common example is the fact that 

after the initial public offering of a new stock see their prices increase market (Harris & Gurel, 

1986 and Shleifer, 1986). Behavioral finance strives to explain the persistence of mispricing in 

the financial markets.  

 

The January effect reflects a seasonal increase in the stock prices during January. Value-

weighted and equal-weighted portfolios provides abnormally high rates of return on small-

capitalization stocks during the month of January (Thaler, 1987). From 1904 through 1974, the 

month of January provided an average stock market return of 3.48 percent. The average stock 

market return for the other remaining 11 months was 0.42 percent (Rozeff & Kinney, 1976). 

Despite significant academic attention, the anomaly remains pervasive. From a traditional 

finance perspective, the efficient market hypothesis argues that security prices should follow a 

random walk. More specifically, it should be impossible to predict stock prices and future 

returns based on past stock behavior (Thaler, 1987). Starks, Yong & Zheng (2002) suggest tax-

loss-selling activities at the end of the previous year are responsible for the abnormal returns 

during January. Investors sell securities which are in a losing position in December. Realizing 

these capital losses results in multiple tax benefits. Stock prices rebound in January when there 

are no longer tax benefits associated with selling security positions. Another explanation is 

given by Ogden (1990), who suggests that the standardization of payments at the end of each 

calendar month is responsible for increased returns in January. Due to corporate bonuses often 
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being distributed at the end of December, the stock market surges in January. Although 

empirical evidence (partly) supports both hypotheses, the results of Haug & Hirschey (2006) 

reflect that both theories do not explain the January effect in its entirety. The authors constructed 

a different hypothesis for the explanation of the January effect; investor sentiment. Investor 

sentiment or market sentiment is an integral part of behavioral finance. Investment sentiment is 

the overall attitude of individual investors toward the stock and security markets (Baker & 

Wurgler, 2007). Positive market returns are statistically more likely when investor sentiment is 

high (Neal & Wheatley, 1998) whereas negative market returns are statistically more likely 

when investor sentiment is low. Referring back to the January effect, Haug & Hirschey (2006) 

argue that part of the abnormal market returns in January are due to heightened investor 

sentiment generated by the New Year.  

 

The January effect illustrates the importance of behavioral finance, and more specifically the 

importance of investor sentiment. Where the traditional finance framework was unable to fully 

explain and understand the January effect, the behavioral finance perspective provided 

complementary hypotheses and theories. As stated by Baker & Wurgler (2007) ‘waves of 

investor sentiment have clearly discernible, important and regular effects on individual firms 

and on the stock market as a whole.’ Especially stocks that are difficult to value or to arbitrage 

are affected most by investor sentiment. Investor sentiment or market sentiment is an 

accumulation of several fundamental and psychological factors such as price history, seasonal 

factors, political stability, national and worldwide events. There are countless factors affecting 

investor sentiment often classified as either bullish or bearish, where bearish reflects negative 

investor sentiment and bullish reflects expectations of upward price movements (Clarke & 

Statman, 1998).  

 

As stated earlier, investor sentiment has a significant impact on the financial markets. This 

caused an increase in studies and analyses of potential factors influencing invest sentiment. 

Consequently, interest for the effect of environmental factors on investor sentiment has grown. 

Kamstra, Kramer & Levi (2003) found that investor sentiment is affected by hours of daylight. 

Market returns are on average significantly lower throughout winter and fall. The hypothesis is 

reaffirmed by analysis of stock returns for certain latitudes and hemispheres indicating a direct 

correlation between hours of daylight and average stock market returns. Yuan, Zheng & Zhu 

(2005) studied the effect of lunar phases and stock returns, methodologically inversing the 

aforementioned study. After controlling for macroeconomic indicators and major global 
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shocks, the authors were able to construct equal-weighted and value-weighted portfolios 

generating an annual return of three to five percent based on the lunar phases. Psychological 

evidence indicates that sunny weather is associated with an upbeat and positive mood (Eagles, 

1994; Butalid et al., 2008). Hirshleifer & Shumway (2003) hypothesized that when sunlight 

affects mood, sunlight might also affect the stock market.  The results confirmed the hypothesis, 

sunshine is strongly and significantly correlated with average daily stock returns.  

 

Where traditional finance argues that security prices reflect all available information and 

investor behavior is rational, behavioral finance argues that security prices can be affected by 

phenomena such as hours of daylight, sunlight and lunar phases. Although Kamstra, Kramer & 

Levi (2003) and Yuan, Zheng & Zhu (2005) and Hirshleifer & Shumway (2003) find significant 

effects for hours of daylight, lunar phases and sunlight respectively, the effects on stock returns 

have not been used in practice. Due to transaction costs, investment strategies based on 

environmental factors are not viable for small scale individual investors and most large-scale 

investment institutions use traditional finance as the foundation of their investment strategy. By 

integrating the different effects of light on investor sentiment (and thus average stock returns), 

a profitable behavioral-finance-based investment strategy can be developed. Within this master 

thesis, the following research question will be studied; 

 

What is the effect of lunar phases, daylight & sunlight on average stock returns? 

 

Although different studies exist regarding the individual effects of lunar phases, daylight and 

sunlight on investor sentiment and average stock returns, none of the available literature has 

attempted to integrate these environmental factors. This master thesis will contribute to the 

existing literature by dissecting the effect of environmental factors and assess whether lunar 

phases, daylight and sunlight can be used to construct a profitable investment strategy. Further, 

the study acts as a replication tool, controlling whether the results of the three aforementioned 

articles can be replicated. Significant results will further substantiate behavioral finance as a 

valuable research perspective and more specifically, increase understanding of the factors 

influencing investor sentiment. Findings can be used to more accurately describe and predict 

financial markets from a behavioral point of view.  

 

Methodologically speaking, the daily average market returns can be found using the Centre for 

Research in Security Prices (CRSP). The database of CRSP provides the necessary daily 
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average market returns for multiple indices across North-America, similarly databases such as 

YCharts and Yahoo Finance provide daily average market returns for different continents. The 

United States Naval Observatory (USNO) gives the public access to both accurate daylight 

hours for latitude and longitude as well as the moon phase for specific dates. Moon phases can 

be categorized in four different phases; new moon, first quarter, full moon and last quarter. Both 

CRSP and USNO provide data ranging back as far as nineteen hundred. Lastly, daily sunlight 

can be obtained through either the Photovoltaic Geographical Information System provided by 

the European Institute for Energy and Transport or the SATMOS database provided by 

Atmosera. The methodological approach is discussed in-depth in section 3. 

 

The first step is to assess whether the individual relationship between the three factors and 

average stock returns holds. As suggested by Yuan, Zheng & Zhu (2005), the effect of lunar 

phases is best understood by comparing the new moon phase, the full moon phase, the first 

quarter phase and the third quarter phase. The effect of the lunar phases will be studied by 

comparing the average return during multiple different lunar phases. There are two possible 

methods to study the effect of daylight hours on average stock returns. The first method is to 

cross-sectionally compare stock returns between differently located stock markets. For 

example, the returns on the New York Stock Exchange (latitude 41°N) can be compared to the 

average returns on the Datastream Global Index (latitude 26 °S). The second method is based 

on a time-series comparison, i.e. what are the average stock returns in the summer compared to 

the average stock returns in the winter. Whereas the first method must deal with differences in 

available companies as well as geographical implications, the second method struggles with the 

effects of seasonality. In order to study the effect of sunlight on average stock returns, the 

method as provided by Hirshleifer & Shumway (2003) can be used. By extracting daily cloud 

coverage or daily total sun hours and linking the information with the respective geographical 

location of the stock exchange, cross-sectional as well as time-series differences in average 

stock returns can be assessed.  

 

In conclusion, whereas traditional finance strives to explain the financial markets using models 

and theories in which investors are rational, behavioral finance relaxes the assumptions 

underlying traditional finance. Behavioral finance argues that some of the observed financial 

phenomena can be understood using financial models in which the agents, contrary to 

traditional finance, are not entirely rational (Barberis & Thaler, 2002). The January effect is 

one of the persistent market anomalies illustrating the need for a behavioral framework and 
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more specifically an understanding of investor sentiment.  Baker & Wurgler (2007) argue that 

investor sentiment has ‘discernible, important and regular effects’ on the stock market. This 

master thesis focuses on the effect of lunar phases, daylight and sunlight on investor sentiment 

and its consequential effect on average stock returns. The research question combined with the 

methodological approach as described above form the foundation of the master thesis. By taking 

a behavioral perspective on investor sentiment and financial markets, I hope to contribute to the 

existing literature by illustrating the (combined) effects of the aforementioned environmental 

factors. Significant result can lead to increased understanding of investor sentiment translating 

into profitable investment strategies and substantiation of behavioral finance as a valuable 

research field.  
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2. Literature Review 

Real-world financial markets have shown that they are affected by waves of pessimistic and 

optimistic sentiment (Baker & Wurgler, 2007). Investor sentiment has been linked to 

speculative bubbles (Smidt, 1968), biased expectations (Zweig, 1973), the January effect (Haug 

& Hirschey, 2006) and even large-scale sporting events (Edmans, Garcia & Norli, 2007). Baker 

& Wurgler (2007) define investor sentiment as ‘a belief about future cash flows and investment 

risks that is not justified by the facts at hand.’ Shleifer (2000) defines investor sentiment as ‘the 

common judgment errors and irrational behavior made by a substantial number of investors, 

rather than uncorrelated random mistakes.’ Investor sentiment reflects the difference between 

asset valuation based upon technical and fundamental analysis and the valuation influenced by 

the investor sentiment of individual investors. To summarize, investor sentiment is the irrational 

evaluation of security pricing and characteristics (Bank & Brustbauer, 2014).  

 

Investor sentiment theories directly contradict the effective market hypothesis. The effective 

market hypothesis proclaims that investors are unable to predict average stock returns except 

by using measures of risk (Malkiel, 1989). Investor sentiment-based investment strategies use 

facets of cognitive psychology to forecast actions of other individual investors and therefore 

increasing the prediction accuracy of security prices. Illustrating the predictive power of 

investor sentiment, Brown & Cliff (2005) found that the investor bull-bear spread can be used 

to predict the average stock market returns for the next one to two years. Further, positive 

market returns are statistically more likely when investor sentiment is high (Neal & Wheatley, 

1998) and negative market returns are statistically more likely when investor sentiment is low 

(Lee et al., 2002). Investor sentiment moves with the market, more recent past average stock 

returns affect sentiment more compared to longer average stock returns which is often 

associated with the recency effect (Bank & Brustbauer, 2014). Although investors sentiment 

does not seem to affect average stock returns for large-scale investors, changes in sentiment for 

both small and medium scale investors does have a positive significant relationship with S&P 

500 returns (Statman, 1999). This indicates individual investor investment decision are most 

affected by investor sentiment. Moreover, Lee, Jiang & Indro (2002) found that bearish (bullish) 

changes in investor or market sentiment lead to upward (downward) changes in volatility and 

more importantly lower (higher) future excess returns.  

 

Now that we have established a definition of investor sentiment and illustrated its capabilities 

as a predictor of average stock returns, the wide variety of factors affecting investor sentiment 
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will be discussed. A popular example is that of the effect of international soccer results on 

average stock returns. Although sporting events and the stock market are (almost) entirely 

unrelated, Edmans, García & Norli (2007) found a significant relationship between 

international soccer results and average stock returns. The authors illustrate their findings by 

giving an example of a loss in the World Cup elimination stage leading to a next-day abnormal 

average stock return of minus 49 basis points. Similar effects were documented for international 

cricket, basketball and rugby games. The only plausible explanation is that of the effect of a 

sporting win or loss on individual investor mood. Psychological evidence has shown a strong 

link between sporting results and mood (Edmans, García & Norli, 2007). Tetlock (2007) studied 

the role of media in the stock market. High media pessimism predicts a bearish market 

sentiment and a decrease in security prices on the stock market. The results are inconsistent 

with studies arguing that media content is a proxy for the release of new information and thus 

influencing security prices through fundamental asset valuation techniques. Tetlock (2007) 

argues that the content of the news can be linked towards investor sentiment. In other words, 

media outlets can influence the financial market not through the specific content of the news 

but through the emotions associated with the news items. Drakos (2010) found that terrorist 

activity leads to significantly lower average stock returns on the day of the terrorist attack. The 

author argues that a terrorist attack decreases investor sentiment and mood resulting in the lower 

returns, this hypothesis is reiterated by Nikkinen & Vähämaa, 2010 and Johnston & Nedelescu, 

2006. Despite being unrelated, sporting events, media pessimism and terrorist activity affect 

stock returns. These examples show that multiple (seemingly unrelated) factors have the ability 

to influence financial markets. Investor sentiment seems to be the missing link in the causal 

chain. In other words, investor sentiment and (thus) average stock are affected by a wide range 

of factors illustrating the irrationality of individual investor behavior.  

 

As stated earlier, investor sentiment significantly impacts financial markets. This caused an 

increase in studies and analyses of potential factors influencing invest sentiment. More recently, 

interest for the effect of environmental factors on investor sentiment has grown. Hirshleifer & 

Shumway (2003) illustrated the significant impact of environmental and weather factors on 

average stock returns, stimulating further research within this area. As shown by Kamstra, 

Kramer & Levi (2003) investor sentiment is affected by hours of daylight. Market returns are 

on average significantly lower throughout winter and fall when daylight hours are limited. 

Chang, Nieh, Yang & Yang (2006) found a significant relationship between cloud coverage in 

Taiwan and average stock returns, illustrating the effect of sunlight on investor sentiment. 
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Similarly, Dichev & Janes (2003) studied the effects of lunar cycles on stock returns. Different 

lunar phases have affected the pattern of average stock returns for nearly all major stock indices 

for the last thirty years. The next sections will discuss the effect of environmental factors on 

investor sentiment and average stock returns more specifically.  

 

2.1 Lunar Phases 

Although the effects of different moon phases are often associated with astrology and 

superstition, medical effects of lunar phases have been widely documented. First studied by 

Tasso & Miller (1976), the authors coined the term ‘Transylvanian effect’ referring to the 

biological effects of different lunar phases. Their research sprouted both interest and 

contrariety.  Specifically, Tasso & Miller (1976) studied the effect of the full moon phase on 

human behavior. The authors found that criminal activity including robbery, rape and assault 

was significantly higher during the full lunar phase. DeVoge & Mikawa (1977) strengthened 

the actuality of the Transylvanian effect by studying the relationship between moon phases and 

crisis calls. Crisis calls seem to increase during the full moon phase as emotional disturbance 

showed to be related with the lunar cycle. In their article, Thakur & Sharma (1984) summarized 

the literature on the Transylvanian effect by stating the significant correlation between different 

phases of the moon and aggressive behavior, antisocial behavior, child behavior, menstruation, 

untoward events, copulation, birth weight, injuries, homicides, suicides and hospital 

admissions. The authors argue that affected circatrigintan rhythms related to the biological 

effects of different moon phases are responsible for changes in human behavior.  Jones & Jones 

(1977) argue that different lunar phases affect suicide rates. An increase is total suicides is 

associated with the new moon phase. Gardner (1981) reiterated the effect of lunar phases by 

studying the relation between different moon phases and psychiatric hospital admissions. 

Different moon phases resulted in a significantly different number of psychiatric hospital 

admissions. Although different hypotheses exist regarding the mechanism or causal link 

between lunar phases and human behavior, Delgado, Doherty, Ceballos & Erkert (2000) 

explained the commonly accepted theory in their psychobiological article ‘Moon Cycle Effects 

on Humans’. The authors state that the effect of different lunar phases on human behavior is 

most suitably explained by chronobiology. Chronobiology studies periodic phenomena 

affecting living organisms and strives to explain how solar- and lunar-related rhythms influence 

human biology and behavior. Delgado, Doherty, Ceballos & Erkert (2000) argue that individual 

behavioral patterns are the result of an ‘interaction between their endogenous temporal 

programs which are the cause of biological rhythms and their tuning to external stimuli, both 
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environmental and social.’ In other words, individual behavior is (partly) caused by endogenous 

temporal programs which in turn are affected by biological rhythms. Biological rhythms are 

influenced by external environmental stimuli including lunar phases. This is the mechanisms 

authors rely on when studying the effect of different lunar phases on human biology, investor 

sentiment and average stock returns. 

 

As stated earlier, Tasso & Miller (1976) not only sprouted interest towards the Transylvanian 

effect but also contrariety. Owens & McGowan (2006) indicate that the Transylvanian effect 

has come to be accepted as ‘dominant wisdom among health care workers’ although their meta-

analysis findings suggest the contrary. The authors argue that the Transylvanian effect is due to 

methodologically flawed, inconclusive and confounded studies. The results of the meta-

analysis suggest that the majority of the (recently) published literature rejects the cause and 

effect relationship between lunar cycles and human biology and behavior. For example, Yang, 

Johnson Fronczak & LaGrange (2016) found that the incidence of kidney stones did not 

correlate significantly with different lunar phases. Similarly, Gorvin & Roberts (1994) found 

that psychiatric hospital admissions were not related to different moon phases disproving the 

lunar hypothesis. Biermann et al. (2009) studied the influence of lunar phases on human 

abnormal behavior. The results cast doubt upon the validity and existence of the Transylvanian 

effect as there is no significant correlation between the four different moon phases and 

criminality. Foster & Roenneberg (2008) argue that due to improved living conditions, high-

quality nutrition and 24/7 working practices the human biology now functions independent of 

lunar and tidal geophysical cycles. Despite the persistent belief that lunar cycles influence 

mental health and behavioral patterns, there is no solid evidence according to Foster & 

Roenneberg (2008). This hypothesis could explain why historical research indicates a 

relationship between human behavior and lunar phases whereas recent research suggests the 

contrary.  

 

Although recent literature seems to suggest lunar phases do not affect human biology and thus 

should not be studied in relation to investor sentiment, Yuan, Zheng & Zhu (2006) use the 

Transylvanian effect as their foundation to study the effect of different moon phases on average 

stock returns. The authors studied the stock market returns in 48 different countries using four 

different phases of the moon; new moon, first quarter, full moon and last quarter. Stock return 

seemed to be significantly lower on days around the full moon. Using an event window of seven 

days, the authors were able to construct an equal-weighted and a value-weighted portfolio 
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generating three to five percent annual return. The investment strategy consists of taking a long 

position during new moon periods and taking a short position during the full moon phases. Even 

after controlling for market volatility, trading volumes, macroeconomic indicators and major 

global shocks, the lunar phase effect remained pervasive. Further, the authors argue that the 

lunar effect is independent of any other behavioral finance anomalies such as the day-of-the-

week effect, holiday effect and the aforementioned January effect. Yuan, Zheng & Zhu (2006) 

hypothesize that differences in investor mood due to different lunar phases affecting perception. 

Feelings are attributed to the incorrect source which results in biased judgments. Similarly, 

Dichev & Janes (2003) studied the lunar cycle effects on stock returns. The authors found that 

the average stock returns fifteen days around the new moon phase are about double the returns 

fifteen days around the full moon phase. The economic magnitude of the differences in average 

stock returns between the new and full moon phase is significant. Annualized differences reach 

five to ten percent. Dichev & Janes (2003) found the lunar effect for all major United States 

based stock indices for over the last hundred years. Additionally, Floros & Tan (2012) argue 

that the lunar effect is even stronger for emerging and maturing markets. The authors note that 

the lunar effect is influenced by calendar anomalies such as the Monday effect. 

 

In conclusion, historical research indicates that lunar phases affect human biology and human 

behavior. From a chronobiological perspective, the underlying causal mechanism is that lunar 

phases affect the certain biological rhythms resulting in systematic predictable abnormal 

(investor) behavior.  However, recent research suggests the Transylvanian effect is due to 

flawed and inconclusive methodologies. Another explanation for the discrepancy between 

findings is given by Foster & Roenneberg (2008). The authors argue that historical evidence is 

not necessarily incorrect but merely outdated. Human behavior is no longer influenced by lunar 

phases due to changing and evolving living conditions.  Despite the contradicting results on the 

effect of lunar phases, the studies by Yuan, Zheng & Zhu (2006) and Dichey & Janes (2003) 

and Floros & Tan (2012) find a significant correlation between lunar phases and average stock 

returns. The seemingly spurious relationship between the variables illustrates the need for 

clarification and replication. Historical research and stock market analyses argue that lunar 

phases do have an effect on stock returns. However, in accordance with the biological and 

psychological literature, it is hypothesized that 

 

H1. Different lunar phases do not affect average stock returns 
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2.2 Daylight 

Humans have developed multiple physiological and biological responses towards daylight 

exposure. According to Wurtman (1968) ‘light is the most important environmental input, after 

food, in controlling bodily functions.’ (sic!) Although Wurtman (1968) forgot the utmost 

important environmental input; oxygen, his statement illustrates the importance of daylight.  

Studies have shown that people prefer daylight over electrical lighting as the primary source of 

illumination (Van den Berg, 2005). Further, total daylight hours have been associated with 

multiple health advantages (Aries, Aarts & van Hoof, 2015). For example, Bodis et al. (2009) 

found that the number of daylight hours have a negative correlation with occurrence of heart 

attacks even after controlling for blood high blood pressure, diabetes and smoking. Beauchein 

& Hays (1998) and Walch et al., (2005) report that increased daylight hours decrease recovery 

time from physical illness. Also patients in hospital rooms exposed to daylight also used 

significantly less pain medication (Walch et al., 2005). Similarly, Boubekri et al. (2014) stress 

the importance of daylight exposure. The authors studied the effect of windowless 

environments on overall health and sleep quality of the participants. Workers with windows 

and therefore daylight exposure were found to have improved sleep quality and increased 

physical activity compared to the windowless group.  However, not only physical health seems 

to be affected by total daylight hours, Brown & Jacobs (2011) report individuals exposed to 

inadequate natural light are 1.4 times more likely to develop depression. At least three hours of 

daily exposure to daylight was found to decrease stress levels and increase satisfaction at work 

(Alimoglu & Donmez, 2005). Bright light therapy, which uses natural light and daylight 

exposure, has shown to be effective for both seasonal as well as non-seasonal depressive 

disorders (Lieverse et al., 2011).  

 

Therefore, total daylight hours are beneficial for physical health, stress levels, satisfaction at 

work and sleep quality. Natural light exposure can even be used as a treatment method for 

seasonal affective disorder illustrating its significance. The literature seems to suggest daylight 

exposure is beneficial for both mental and physical health, but what is the causal mechanism 

underlying the effects on daylight on human biology? Van den Berg (2005) suggests three 

possible routes through which daylight may positively influence individual health and well-

being; ‘through the visual system (e.g., increased visibility), the biological system (e.g., 

improvement of the circadian cycle), or the psychological system (e.g., alleviation of 

depression).’  
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Kamstra, Kramer & Levi (2003) build on these assumptions and argue that average stock 

returns vary seasonally due to the total daylight hours. The authors hypothesize that the role of 

seasonal affective disorder influences investor sentiment resulting in seasonally variability. 

Data from multiple stock exchanges are used showing that average stock returns are 

significantly related to the total daylight hours throughout winter and summer even after 

controlling for observed market anomalies. The authors observed patterns at different latitudes 

and longitudes providing compelling evidence for the link between average stock returns and 

total daylight hours. Similarly, Wang, Huang & Chen (2012) studied the Taiwanese market and 

found a positive correlation between daylight hours and average stock returns.  Average stock 

returns for the Taiwanese stock market are lowest during November through February in which 

total daylight hours are low. The paper of Kelly & Meschke (2010) replicated and extended on 

the paper of Kamstra, Kramer & Levi (2003). However, the authors found that the effect of 

daylight on investor sentiment is unsupported by psychological literature and that significant 

results are due to overlapping dummy-variable specification. The prevalence of seasonal 

affective disorder does not correlate with average stock returns. Further, seasonal patterns in 

depression do not correspond with time-series predictions for the stock market. Kelly & 

Meschke (2010) argue that the effects found by Kamstra, Kramer & Levi (2003) are due to 

mechanically induced statistical significance. In conclusion, an increase in total daylight hours 

in beneficial for physical health, stress levels, satisfaction at work and sleep quality. Natural 

light exposure can even be used as a clinical treatment method. Biological and psychological 

literature stress the importance of daylight exposure. Despite the contradiction between the 

results of Kamstra, Kramer & Levi (2003) and Kelly & Meschke (2010) it is hypothesized that 

 

H2. An increase in daylight results in an increase in daily stock returns 

 

2.3 Sunlight 

The importance of sunlight has been documented by Rosenthal et al. (1984). The authors 

identified lack of sunlight as one of the determinants of seasonal affective disorder. Seasonal 

affective disorder is a form of recurrent depressiveness often characterized by a seasonal pattern 

(Partonen & Lönnqvist, 1998). Studies argue that seasonal affective disorder is either due to 

abnormal melatonin metabolism or brain serotonin functioning. Both processes involve vitamin 

D. Stumpf & Privette (1989) found experimental evidence of concomitant direct effects of 

vitamin D3 as a mediator for the development of seasonal affective disorder. Vitamin D3 is 

produced in the skin from direct UV irradiation illustrating the importance of sunlight (Bikle, 
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2014). The studies provide evidence that sunlight is essential for mental health. However, 

sunlight does not only seem to affect mental health, Kent et al. (2009) studied the relationship 

between sunlight exposure and cognitive status. Sunlight exposure had a significant correlation 

with cognitive functioning where lower levels of sunlight were associated with impaired 

cognitive functioning. Similarly, Oudshoorn et al. (2008) found that vitamin D metabolites are 

important for the preservation of cognitive functioning. The authors state that the results 

indicate a significant positive relation between vitamin D concentration and cognitive 

performance. In other words, sunlight exposure seems to be an important determinant for 

cognitive functioning. Where Rosenthal et al. (1984) studied the effect of sunlight on mental 

health, Holick & Chen (2008) were interested in the effect of sunlight on physical health. 

Vitamin D deficiency correlates with an increased risk of ‘deadly cancers, cardiovascular 

disease, multiple sclerosis, rheumatoid arthritis, and type 1 diabetes mellitus (Holick & Chen, 

2008).’ To further substantiate the positive effects of sunlight exposure on physical health, 

Freedman, Dosemeci & McGlynn (2002) studied the effects of sunlight on mortality from 

breast, ovarian, colon, prostate and non-melanoma cancer. The authors found a significant 

negative associated between sunlight exposure and cancer mortality rates. Further, Denissen, 

Butalid, Penke & van Aken (2008) studied the effect of the weather on mood. The authors found 

sunlight positively affected mood due to a decreased sense of tiredness and negative affect. 

Psychological evidence aligns with the results of Denissen, Butalid, Penke & van Aken (2008) 

as studies indicate that sunny weather is associated with an upbeat and positive mood (Eagles, 

1994 and Butalid et al., 2008). Combine the effect of sunlight on mood with its effects on mental 

and physical health and it would not be a stretch to assume that sunlight affects investor 

sentiment.  

 

Summarizing the literature on the effects of direct sunlight on human biology, sunlight seems 

to affect mental health, cognitive functioning, physical health and mood. The underlying 

biological causal mechanism hypothesized to be responsible for the relationship between 

sunlight exposure, investor sentiment and average stock returns is related to the effects of 

Vitamin D3 (deficiency). Exposure to direct sunlight stimulates the production Vitamin D3 

which in turn increases (ab)normal melatonin and serotonin functioning. Serotonin and 

melatonin regulate various human functions including sleep, appetite and mood. Deficiency in 

either melatonin or serotonin (both derived from the essential amino acid L-Tryptophan) can 

lead to significant disruptions in bodily functioning (Sirotkin & Schaeffer, 1997). Which means 
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that extensive sunlight exposure can lead to bullish investor sentiment whereas lack of sunlight 

exposure could mean bearish investor sentiment. 

 

After analysing the effects of sunlight exposure on human health, it would be irrational and 

unprofitable to assume that the sun does not influence investor sentiment and average stock 

returns. Hirshleifer & Shumway (2003) argue that sunshine is associated with an upbeat mood 

which translates to individual investors evaluating the future more optimistically. The authors 

state that sunshine is strongly correlated with stock returns across twenty-six countries between 

1982 and 1997. Similar to investment strategies based on lunar effects, investment strategies 

based on sunshine exposure can be profitable for large scale investment institutions due to their 

low transaction costs. Chang, Nieh, Yang & Yang (2005) conducted a similar study and 

assessed the effect of Taiwanese weather on local stock market returns. The authors found that 

cloud coverage significantly affects stock returns on the Taiwanese stock market. Stock returns 

tend to be lower on cloudy days compared to days with multiple sun hours. Chang, Nieh, Yang 

& Yang (2005) hypothesize that the effect is due to increased mood and investor sentiment. 

Lastly, Goetzmann, Kim, Kumar & Wang (2014) reiterate the findings by studying the 

relationship between investor perceptions and the weather. The authors find that cloudier days 

are associated with perceived overpricing of individual stocks as suggested by surveys and 

disaggregated trading data, complementing the results found by the previous two studies. 

Therefore, based on the biological causal effects of sun exposure and the studies conducted by 

Hirshleifer & Shumway (2003) and Chang, Niew, Yang & Yang (2005) and Goetzmann, Kim, 

Kumar & Wang (2014) it is hypothesized that 

 

H3. An increase in sunlight results in an increase in daily stock returns 

 

2.4 Integrative Model 

Although no literature exists regarding the combined effect of lunar phases, daylight and 

sunlight on average stock returns, it is possible to construct educated hypotheses. Firstly, I 

expect to find a significant correlation between the day- and sunlight effects. Kamstra, Kramer 

& Levi (2003) hypothesize that average stock returns vary with total daylight hours due to the 

effects of seasonal affective disorder originating from lack of daylight exposure. Rosenthal et 

al. (1984) argue that sunlight exposure is the main determinant of seasonal affective disorder 

which logically affects investor sentiment. Although the effects of sun- and daylight are studied 

individually, the theoretical foundation between the relationships is similar. Hirshleifer & 
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Shumway (2003) argue that sunshine is associated with an upbeat mood which translates to 

individual investors evaluating the future more optimistically. Similarly, Savides, Messin, 

Senger & Kripke (1986) found daylight exposure to benefit the participants mood. Although 

day- and sunlight might have similar effects on investor sentiment, including both factors could 

increase predictive power resulting in a more accurate investment strategy.  

 

Secondly, there is a possibility of an interaction effect being present between the effects of the 

individual variables. Two or more variables interact when a particular combination of variables, 

for example full moon and a sunny day, lead to results normally not anticipated based on the 

magnitude of the main effects (Rosnow & Rosenthal, 1989). Interaction effects can be measured 

by using an analysis of variance or regression analysis (Huck & McLean, 1975). The interaction 

effect can help determine the optimal investment strategy based on these environmental effects. 

Based on biological and psychological premises, it is expected that sunlight exposure interacts 

with total daylight hours. Especially during days when there is limited daylight, sunlight 

exposure is expected to be of utmost importance for investor sentiment. Although not 

substantiated by the available literature, no interaction between lunar phases and sunlight 

exposure is expected. The literature review indicated that sunlight affects the human biology 

and investor sentiment whereas (recent) research showed the contrary for lunar phases. Further, 

different lunar phases and total daylight hours are not hypothesized to interact. The available 

literature does not provide a theoretical foundation and there seems to be no theoretical 

mechanism of the two effects interacting. Therefore, based on the two previous paragraphs; 

 

H4. There is an interaction effect between sunlight and daylight 

H5. There is no interaction effect between sunlight and lunar phase 

H6. There is no interaction effect between daylight and lunar phase 

H7. The effects of sunlight and daylight on average stock returns correlate significantly 

 

The seven concrete testable hypotheses form the methodological foundation of the master 

thesis. By studying the hypotheses, the understanding of the effects of lunar phases, daylight 

and moonlight on investor sentiment and stock returns consequently can be increased. 

Analysing the effect of environmental factors on human behavior is valuable from both a 

psychological and business perspective. Significant findings can help substantiate behavioral 

finance as a valuable research field. Integrating the factors into a single model could result in a 

practical and profitable investment strategy.    
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3. Methodology & Data 

The following section will discuss several facets of the relevant methodology and data sources 

of the study. Firstly, the method and alternative methodologies for the analysis of the effect of 

lunar phases, daylight and sunlight will be discussed. Further, in order to prevent HARKing 

(Hypothesizing After the Results are Known) this section will formulate the appropriate 

statistical tests necessary to test the hypotheses (Kerr, 1998). Secondly, the measurement of the 

theoretical concepts will be discussed. In other words, how are the variables ‘lunar phase’, 

‘sunlight’, ‘daylight’ and ‘average stock returns’ defined and calculated. Thirdly, the data, data 

sources and data filters will be discussed. The focus is on the accuracy and validity of the data 

(sources). Lastly, the descriptive statistics of the data will be provided and interpreted. The 

quality of datasets is assessed through summary statistics, outliers, multicollinearity, 

heteroscedasticity and autocorrelation. The Methodology & Data section is divided into five 

sub-sections. The methodological facets will be discussed for lunar phases, daylight, sunlight 

and the integrated model individually. Afterwards, a conceptual summary will be given. 

 

3.1 Lunar Phases 

As the phases of the moon are caused by the relative positions of the Moon, Earth and Sun, the 

phases are similar for each geographical position. In simpler words, when American, European 

or Asian people look at the sky at night (at the same date) they will see the same moon phase. 

This implies that for the analysis of the effect of different lunar phases on average stock returns 

only a time-series analysis method is valid. Moon phases can be categorized into four different 

phases; new moon, first quarter, full moon and last quarter. By comparing the average daily 

stock returns during the four phases using a statistical T test, the hypothesis can be tested. The 

hypothesis states that the phase of the moon does not influence stock returns meaning a non-

significant T value is expected. Although Yuan, Zheng & Zhu (2006) used a similar approach, 

the authors merely studied the effect of the full moon and new moon phase. Extending on and 

contributing to their research, the methodology includes the first quarter and last quarter phase 

as well. The theoretical concepts important for this hypothesis are daily stock returns and lunar 

phases. As stated earlier, there are four distinct lunar phases which can be extracted from the 

United States Naval Observatory Astronomical Applications Department. The data source 

provides an overview of the different lunar phases for specific dates. Data on lunar phases is 

available ranging from 1700-2100 thus not functioning as a data-bottleneck. On average an 

entire lunar cycle takes 29-30 days which (although close) does not exactly align with the 

months (Trundle, Atwood & Christopher, 2002). Therefore, moon phases were extracted for 
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individual years as opposed to copying a certain pattern as done for the daylight cycle. The 

second theoretical concept is average stock returns. For each index, the daily returns of all the 

companies listed on the index are summed and then divided by the total company count. This 

gives the average daily stock returns for each respective index. The average stock returns are 

expressed in basis points. Indices were subjected to certain criteria including size and location. 

The daily returns had to be accessible through financial databases either provided by the 

Erasmus University or open to the public. The average daily stock returns were taken from 

multiple indices as well as for multiple dates in order to study the effect both cross-sectionally 

and through a time-series method. Further, to obtain the daily returns for the indices several 

different databases were used. Returns for United States based indices were extracted from the 

Center for Research in Security Prices. Similar information for European markets was found in 

the YCharts database. For local and smaller indices tools such as Bloomberg, Morningstar and 

Yahoo Finance were used. In table one, a small snippet from the lunar phase dataset is shown.  

 

Date Index Average Return Lunar Phase 

... ... ... ... 

17-10-2017 SP500 0,0645000% 4 

18-10-2017 SP500 0,0770000% 4 

19-10-2017 SP500 0,0265000% 1 

20-10-2017 SP500 0,5123000% 1 

23-10-2017 SP500 -0,3925000% 1 

24-10-2017 SP500 0,1626000% 1 

25-10-2017 SP500 -0,4605000% 1 

26-10-2017 SP500 0,1247000% 1 

27-10-2017 SP500 0,8372000% 2 

30-10-2017 SP500 -0,3298000% 2 

31-10-2017 SP500 0,1029000% 2 

1-11-2017 SP500 0,1600000% 2 

2-11-2017 SP500 0,0222000% 2 

3-11-2017 SP500 0,3182000% 2 

6-11-2017 SP500 0,1221000% 3 

7-11-2017 SP500 -0,0097000% 3 

8-11-2017 SP500 0,1617000% 3 

... ... ... ... 
Table 1 - Snippet Moonlight Dataset 
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3.2 Daylight 

The effect of daylight will be studied using a cross-sectional method as well as a time-series 

based method. Similar to the study of Kamstra, Kramer & Levi (2003), the cross-sectional 

method compares differently geographically located indices across the world for the same date 

range. As total daylight hours differ for individual locations, it is possible to study the effect of 

total daylight hours on average stock returns. For example, the returns on the New York Stock 

Exchange (latitude 41°N) can be compared to the average returns on the FTSE / JSE South 

Africa (latitude 26°S) for the same timeframe. This methodology circumvents problems of 

seasonality and global political & financial events as indices are affected similarly. A time-

series study on the effect of daylight on average stock returns has yet to be conducted. Average 

stock returns will be analysed for individual indices across multiple years. As total daylight 

hours differ for different days and seasons (e.g. winter days have less total daylight hours 

compared to summer days), it is possible to study whether average stock returns are affected by 

total daylight hours. Both methods have their advantages and disadvantages, but together they 

allow for the testing of the hypothesis. As stated previously, total daylight hours are expected 

to correlate positively with average stock returns. The causal mechanism underlying this 

assumption was explained in section 2.3. The hypothesis can be tested using a regression 

analysis for both the cross-sectional and time-series method. A significant T value would 

indicate a statistically significant effect of total daylight hours on average stock returns 

confirming the hypothesis. Either an insignificant or significantly negative T value would refute 

the hypothesis.  

 

Two theoretical concepts play an important role in this segment of the study; total daylight 

hours and average stock returns. Total daylight hours can be calculated by taking the time 

between sunrise and sunset which will be expressed in hours : minutes/sixty (Almorox, 

Hontoria & Benito, 2005). The United States Naval Observatory provides the time of sunrise 

and sunset for every location based upon geographical longitude and latitude for years ranging 

from 1700-2100. A simple subtraction results in the total daylight hours for each day. The 

dataset is labelled based on the name of the index to keep a clear overview. The data provided 

by the United States Naval Observatory was cross-referenced with the Earth System Research 

Laboratory database, the Sunrise Sunset API and empirical observations. The second theoretical 

concept is average stock returns. The same conceptualization of average stock return is used as 

defined in section 3.1. 
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As stated earlier, the time of sunrise and sunset were extracted based on latitude and longitude 

from the United States Naval Observatory. There is a certain pattern within the data, every year 

is identical to the previous year regarding the time of sunset and sunrise except for leap years 

in which the sequence changes after the 28th of February. This makes sense from a mathematical 

and physical point of view as the complete as the time taken by the earth to make one revolution 

around the sun is a little over 365 days (Walraven, 1978). Cross-referencing with different local 

datasets confirmed the validity of the daylight data. Taking New York (40.730610; -73.935242) 

as an example, the average time of sunrise is 05:49:48 whereas the average time of sunset is 

18:01:39. The latest sunset is 21:31:00 with the earliest sunrise being at 04:24:00. The average 

of total daylight hours in New York is equal to 12:00:03 with the longest day being 15:06:00 

hours and the shortest day being 09:15:00 hours long. The standard deviation of daylight hours 

is 02:00:42 hours. Holding on to the example of New York, the average daily return for 2010-

2016 on the New York Stock Exchange was equal to 0.04744%. Further summary statistics are 

displayed in table 1.  

 

 Total Daylight Hours Daily Average Stock Returns 

Mean 12:00:03 0,047% 

Median 12:13:00 0,053% 

Standard Deviation 02:00:42 0,926% 

Minimum 09:15:00 -6,667% 

Maximum 15:06:00 4,740% 

Table 2 - Summary Statistics Daylight 

3.3 Sunlight 

The methodology regarding the effect of sunlight on average stock returns is similar to that of 

the effect of daylight. Both cross-sectional as well as time-series methods will be used to 

increase understanding of the relationship between sunlight and daily stock returns. Hirshleifer 

& Shumway (2003) compared the average cloudiness and average stock returns for twenty-six 

locations across the world. The cross-sectional analysis will be similar to their methodological 

approach except for using the level of cloudiness, total daily sunshine hours is used. This allows 

for comparison across indices at the same dates. The time-series method compares average 

stock returns for the same index across multiple years. For example, it is possible to study 

whether there are any differences in average stock returns from the Amsterdam Exchange Index 

during sunny months compared to cloudy months. Both methods have their advantages and 

disadvantages but together they provide an increased understanding of the relationship between 
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total sunlight hours and average stock returns. In section 2.2, it was hypothesized that total 

sunshine hours would have a positive correlation with the average stock returns. To test the 

hypothesis, both the cross-sectional and time-series method use a regression analysis to see 

whether stock returns on a sunny day differ significantly from the average stock returns on a 

cloudy day. Significantly positive T value are expected for the relationship throughout both 

methods, any other value such as insignificant or significant negative T values would refute the 

hypothesis.  

 

Again, two theoretical concepts are fundamental in studying the hypothesis; total sunlight hours 

and average stock returns. The common definition of total sunlight hours is that of the number 

of hours that a point in spaces receives direct sunlight (Wehner & Müller, 2006). In other words, 

total sunlight hours can be calculated by summing the time of direct sunlight at each location. 

Unfortunately, there is not a single database providing total sunlight hours for each geographical 

position. Therefore, the final dataset was constructed by using multiple regional data sources. 

For example, the European Climate Assessment & Dataset provides daily sunlight hours for 

most European countries. The database provides 43072 series of observations for eleven 

different environmental elements from more than 10.000 weather stations across Europe. The 

National Weather Service – Office of Climate, Water and Weather Services provides similar 

information for the United States. The NIWA Taihoro Nukurangi provides daily sunshine hours 

for both Australia and New Zealand. Although differences exist among the different databases, 

combining the data subsets provides a clear overview of international daily sunshine hours and 

average stock returns. The same definition of average stock returns is used in the analysis of 

the effect of total sunlight hours as was explained in section 3.1. Although the sample is 

expected to be slightly smaller due to the limited availability of daily sunlight hours, it can still 

provide insight into the workings of the relationship between sunlight and average stock returns.  

 

3.4 Integrative Model 

The methodology behind the analysis of the integrated model with its hypothesized interaction 

effects is more complicated. A multiple regression analysis will be used to construct the 

integrated model and to study the interaction effects. The purpose of a multiple regression 

analysis is to understand the relationship between multiple independent variables (daylight, 

moonlight and sunlight) and a dependent variable (average stock returns). The multiple 

regression analysis can be used to build a regression equation which helps predict the dependent 

variable based on the values of the independent variables (Jaccard & Turrisi, 2011). Based upon 
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the significance of the T value for each variable and its respective interaction effects, the model 

can be used to estimate average stock returns. Underlying the multiple regression analysis are 

multiple assumptions. Firstly, observations should be independent of each other which will be 

tested with the Durbin-Watson statistic. Secondly, the multiple regression analysis assumes the 

relationship between the independent and dependent variables is linear. Although the literature 

suggests this is the case, scatterplots and partial regression plots will be used to analysis if the 

relationship can be considered linear. The variables ‘daylight’ and ‘sunlight’ can remain in its 

current form whereas the moon phases will be transformed into a continuous variable (further 

explained in section 4.1) Besides the multiple regression analysis, multiple two-way ANOVA’s 

will be used in order to assess the size of the hypothesized interaction effects. The manifestation 

of the interaction effects was explained in section 2.4. 

 

The multiple regression analysis combined with the two-way ANOVA tests will provide the 

regression coefficient and the T value for the hypothesized interaction effects. It is expected 

that for the both the interaction between sunlight & lunar phases and daylight & lunar phases 

there is no interaction effect meaning the regression coefficient will be low and the T value will 

be insignificant. In contrast, it is hypothesized that the interaction between sunlight & daylight 

will provide a higher regression coefficient and a significant T value. The seventh hypothesis 

can be tested using a simple Pearson regression analysis. However, the multiple regression 

analysis will not only test the hypotheses. If significant, the regression analysis can be used to 

estimate future stock returns. This contributes to existing behavioral finance research as well as 

providing opportunities to generate abnormal returns. Possible applications of the (significant) 

integrated model will be discussed in the results section. 

 

3.5 Summary 

The analysis of the effect of both daylight and sunlight on average stock returns use cross-

sectional as well as time-series methods. As both methodologies have their advantages and 

disadvantages, combining the results increases understanding of the relationship between the 

variables. Because the lunar phase pattern is similar for every geographical location for a given 

date, cross-sectional analysis is not an option. The effect of different lunar phases on average 

stock returns will be analysed using a time-series method. The hypotheses regarding lunar 

phases, sunlight and daylight will be tested using a statistical T test and regression analyses 

respectively. The integrated model as well as the interaction effects will be studied using a 

multiple regression analysis and two-way ANOVA tests. The multiple regression analysis 
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cannot only be used to test the hypothesis, but also allows for predictions regarding stock returns 

based on a (significant) regression equation. Data regarding total daylight hours and different 

moon phases were extracted from the United States Naval Observatory and cross-referenced 

with different sources to assess its validity. Generating reliable data regarding daily total 

sunlight hours was more difficult. The dataset was constructed using multiple different national 

sources limiting sample size and generalizability. The Centre for Research in Security Prices, 

YCharts, Bloomberg, Morningstar and Yahoo Finance provided the historical daily average 

return for the chosen indices. Summary statistics and data quality analysis have yet to show 

problematic results. An illustration of the final dataset is given in the table three.  

 

Date Index Risk Free 

Rate 

Average 

Return 

Daylight 

Hours 

Sunlight 

Hours 

Moon 

Phase 

... ... ... ... ... ... ... 

13-11-2017 SP500 0,00293 0,000999 09:58 05:40 4 

14-11-2017 SP500 0,00290 -0,002156 09:56 06:02 4 

15-11-2017 SP500 0,00296 -0,005571 09:54 05:33 4 

16-11-2017 SP500 0,00296 0,008888 09:52 05:45 4 

17-11-2017 SP500 0,00296 -0,002711 09:50 06:56 4 

... ... ... ... ... ... ... 

Table 3 - Overview Final Dataset 
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4. Results & Discussion 

The results and discussion section reports the results of the empirical analyses which were used 

to test the previously formulated hypotheses. Besides numerical output, findings are displayed 

using figures and tables. Further, the results are interpreted and the implications for the 

hypotheses and research problem are explained. The relation between the findings and the 

findings of the relevant literature as conferred in section 2.0 will be discussed. After 

implementing and reporting the robustness checks, the practical implications of the results are 

analysed. The results section is divided into four subsections. Firstly, the findings regarding the 

effect of different lunar phases on average stock returns will be discussed. In similar fashion, 

the results of the analyses of the relationship between daylight and sunlight on average stock 

returns will be discussed, as subsection two and three respectively. Fourthly, the integrated 

model constructed through the multiple regression analysis will be discussed.  

 

4.1 Lunar Phases 

As stated previously, the effect of lunar phases on average stock returns was studied using a 

cross-sectional analysis. For each date, the respective lunar phase and average daily returns 

were obtained. In total, the dataset contained 31.882 daily returns from twenty-three national 

indices located throughout six different continents. The average daily return over the sample 

timeframe of 01/01/2010 to 31/12/2015 equalled -0.00799 percent. The sum of the daily returns 

over this time frame was -12.043 percent, however this is mainly due to underperforming 

developing markets such as Egypt Stock Exchange and the Nigerian Stock Exchange for which 

the total non-logarithmic return equalled -126.75 percent and -162.23 percent respectively. The 

tables four and five depict the indices used as well as an overview of the total observations. 

 

Continent Number of Indices Number of Observations 

America 3 4605 

South America 4 5840 

Europe 6 8678 

Asia 5 6880 

Oceania 2 2140 

Africa 3 3739 

Table 4 – Overview Sample 
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Continent Indices 

America NYSE, SP500, EWC 

South America EWZ, ARGT, GXG, EWW 

Europe ATX, EWK, ENXA, DAX, AEX, EDEN 

Asia SSE, HANGSENG, N225, KS11, INDA 

Oceania ATOI, ENZL 

Africa EZA, NGE, EGPT 

Table 5 – Overview Sampled Indices 

 

Besides the daily return data, the extraction of lunar phase data allowed for the testing of the 

first hypothesis; different lunar phases do not affect average stock returns. The first figure 

illustrates the average daily returns for each of the four individual lunar phases. During the full 

moon phase, the market averages a daily return of -0.03061 percent. For the first quarter, third 

quarter and new moon the average daily return was equal to -0.03252 percent, -0.05652 percent 

and 0.08731 percent respectively.  

 

 

Figure 1 – Average Monthly Returns 

Although the pattern seems obvious, the average daily returns per lunar phase were statistically 

compared with the sample average in order to determine whether the phases differ significantly. 

The full moon phase does not differ significantly from the sample average of daily returns (T = 

-0.753, P = 0.774, DF = 611). Neither does the first quarter lunar phase (T = -0.736, P = 0.769, 

DF = 570). Similarly, the third quarter phase does not differ significantly from the sample 

average (T = -1.555, P = 0.940, DF = 573). Interestingly, the new moon phase does differ 

significantly from the average sample daily returns. In the standard T test provided a T value 

of 3.228 with a probability of 0.00066. In other words, the daily returns during the new moon 

lunar phase were significantly higher compared to the average daily returns within the sample. 
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This implies that investing during the new moon phase can be profitable investment strategy. 

Interestingly, the results differ from the predictions of opponents of the Transylvanian theorem 

whereas they align with the hypotheses of the proponents of the Transylvanian theorem. Yuan, 

Zheng & Zhu (2006) found stock returns to be significantly lower during the full moon days 

and significantly higher during the new moon phase. Similarly, Dichev & Janes (2003) found 

returns to be significantly higher during the new moon phase. Both articles align the findings 

deducted from this analysis. The new moon phase (T = 3.228, P = 0.00066) seems to be 

significantly different from the sample average. However, the meta-analysis conducted by 

Owens & McGowan (2006) convincingly argues that lunar phases do not affect human biology 

and thus cannot influence investor sentiment and average stock returns consequently. However, 

the analysis of 31.882 daily returns from over twenty-three countries illustrates that during the 

new moon lunar phase the daily returns are significantly higher (T = -3.228, P = 0.00066) 

compared to the sample average. Although the first hypothesis must be rejected, the results 

merely proof a correlation between the two variables. The biological and psychological 

academic literature does not support the findings from a theoretical perspective, therefore there 

must be another explanation. The following paragraph will provide several possible 

explanations for the seemingly effect of lunar phases on average stock returns.  

 

Cum hoc, ergo propter hoc meaning with this, therefore because of this. The Latin phrase 

reflects a type of fallacious reasoning. It claims that when two events are related (in this case 

lunar phases and average daily stock returns), the relationship between the variables must be of 

causal nature. This fallacy is relatively common as individuals have the tendency to assume 

causality in the presence of correlation, rather than studying other potential factors affecting the 

relationship (Kahneman & Tversky, 1974). The paragraph below will discuss multiple 

hypotheses for the correlation between different lunar phases and average stock returns based 

upon the principle of cum hoc, ergo propter hoc.  

 

As stated in section 3.1, on average an entire lunar cycle takes 29-30 days which (although 

close) does not exactly align with the months (Trundle, Atwood & Christopher, 2002). 

Consequently, the same lunar phase might coincide with similar dates over a longer period of 

time. Ariel (1987) documented a monthly pattern for United States based stock markets. The 

author finds significantly higher stock returns at the beginning of each calendar month 

compared to the ending of the calendar month. Ariel (1987) called this anomaly the ‘monthly 

effect’ and found it to be independent from other well-known seasonal effects such as the 
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January effect and the day-of-the-week effect. Additionally, Jaffe & Westerfield (1988) found 

similar evidence for foreign markets. However, the authors found that when the last day of the 

previous calendar month was included, the effect became even bigger. (Not) surprisingly, the 

new moon phase aligns with the beginning of a calendar month statistically more often 

compared to other lunar phases. Therefore, with the literature regarding fallacious reasoning in 

mind, lunar phases might not be causally responsible for changes in stock returns. The new 

moon phase coincides with the beginning of calendar months, which in turn does affect daily 

stock returns, resulting in a significant correlation between different lunar phases and stock 

market performance. 

 

Similarly, within the sample, the new moon phase occurs most often on Friday compared to the 

other lunar phases. Caporale & Plastun (2017) studied whether there is a Friday effect within 

financial markets. The authors found abnormal variance on Friday for the FOREX market as 

well as the Gold market. Returns are higher on Friday compared to the other working days of 

the week. Similarly, Zhang, Lai & Lin (2017) found the Friday anomaly to be prominent in the 

BOV, IPSA, RTSI$, XU100, SENSEX, FBMKLCI, IBEX, and HSI indices. The authors argue 

that profitable trading strategies can be based upon the day-of-the-week effect. These two 

papers illustrate the importance of a causality analysis. The day-of-the-week and the Friday 

anomaly provide a possible hypothesis for the explanation of abnormal returns during the new 

moon phase. Not necessarily the respective lunar phase directly influences the daily stock 

returns, but the fact that a particular lunar phase coincides with another variable, day-of-the-

week in this case, provides a possible explanation for the significant correlation.  

 

Another perspective was obtained by Novy-Marx (2014). The author facetiously illustrates that 

the party of the US President, the weather in Manhattan, global warming, the El Nino 

phenomenon, sunspots and the conjunctions of the planets have significant predictive power 

regarding stock returns. Clearly, these variables cannot influence the stock market. The results 

are striking and surprising. There must be an explanation why these variables correlate 

significantly with the stock market. Novy-Marx (2014) suggests that the problem lays within 

the standard methodology on which return predictability is built. Standard predictive regression 

might not be suitable for the analysis of stock return predictability causing statistical anomalies 

such as the significance of El Nino and sunspots. Novy-Marx (2014) refers to the paper written 

by Roll (1977) in which the author critiques the existing asset pricing theory tests. Roll (1977) 

argues that from a mathematical point of view the effect of a certain variable on the return of a 
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certain portfolio, every individual asset must be included in the (statistical) test. For this study, 

the findings of Roll (1977) imply, the effect of lunar phases should be studied for individual 

companies traded on the selected indices otherwise, errors of inference inducible by incomplete 

tests skew the results. 

 

In conclusion, the paragraphs above illustrate two perspectives from which the discrepancies 

between the lunar-based findings and hypothesis can be explained. Cum hoc, ergo propter hoc 

argues that certain variables coincide with the respective lunar phases and are responsible for 

the changes in daily stock returns. Further, Novy-Marx (2014) and Roll (1977) argue that the 

significance of the lunar phases is due to incomplete and unsuitable analyses. Therefore, 

profitable investment strategies cannot be build upon different lunar phases as the underlying 

causal mechanism remains unclear. 

 

4.2 Daylight 

The first step taken to analyse the effect of daylight on average daily stock returns was to look 

at the sample as a whole. This was done using the same sample as used in section 4.1, consisting 

of a total of 31.882 observations from twenty-three national indices. Total daylight hours were 

calculated using the time of sunrise and sunset for specific coordinates. For example, the 

daylight data for the HANGSENG index was found using latitude 22° 17' N and longitude 114° 

8' E which corresponds with Hong Kong’s geographical location. For the timeframe 01/01/2010 

to 31/12/2015, the average daily return equalled -0.00799 percent with average daylight time 

being 12.19 hours. Figure two provides a figurative overview of the dataset, the Y-axis contains 

the average daily returns in percentages whereas the X-axis contains total daylight in hours. 

 
Figure 2 – Scatterplot Daylight 
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The trendline in figure 2 provides (the lack of) empirical evidence for the relationship between 

stock performance and total daylight hours. However, in order to statistically test whether 

daylight hours affect average daily stock returns, a regression analysis was used. The dependent 

variable was ‘average daily return’ whereas the independent variable was ‘daily sunlight hours’. 

The results of the regression analysis can be found in table six. 

 

 

Regression Statistics 

R Squared 0.000675395 

Standard Error 0.0054757 

Observations 1535 

 

 Coefficients Standard Error T Value P Value 

Intercept 0.001466929 0.001527451 0.960376737 0.337017088 

Daylight -0.00012698 0.00012475 -1.01787992 0.308895637 

Table 6 – Regression Analysis Daylight 

 

As can be seen, the variable ‘average daylight hours’ cannot be considered a significant 

predictor of average daily stock returns. The T value is equal to -1.0179 with an insignificant P 

value of 0.3089. Further, R squared is equal to 0.000675 meaning the model explains 0.0675 

percent of the average daily return variance. From a theoretical perspective, this is not too 

surprising. As the entire sample was used for this analysis, the number of factors affecting daily 

stock returns is significant. Floros & Tan (2012) argue that environmental effects are stronger 

in emerging markets. As investor sentiment plays a larger role within these market, the authors 

hypothesized that factors such as environmental factors are of bigger influence. Therefore, in 

order to assess the size of the time-series effect of daylight on average stock returns, the 

regression analysis was conducted on each individual index. The results can be found in table 

seven.  
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Index Location Standardized Beta 

Coefficient 

T 

Value 

P 

Value 

R 

Squared 

ATOI Sydney 0.071 1.977 0.048 0.050 

DAX Berlin -0.049 -1.940 0.053 0.002 

ATX Vienna -0.048 -1.891 0.059 0.002 

SSE Shanghai -0.038 -1.489 0.137 0.001 

EGPT Cairo -0.037 -1.430 0.153 0.001 

SP500 New York -0.034 -1.350 0.177 0.001 

AEX Amsterdam 0.032 1.260 0.208 0.001 

NYSE New York -0.030 -1.185 0.236 0.001 

NGE Abuja 0.044 1.162 0.246 0.002 

ENXA Paris -0.024 -0.936 0.349 0.001 

HANGSENG Hong Kong -0.021 -0.747 0.455 0.000 

ARGT Buenos Aires -0.021 -0.730 0.466 0.000 

GXG Bogota 0.017 0.657 0.511 0.000 

EWW Mexico City 0.017 0.657 0.511 0.000 

EWC Toronto -0.012 -0.477 0.633 0.000 

N225 Tokyo -0.011 -0.417 0.677 0.000 

KS11 Seoul -0.010 -0.403 0.687 0.000 

EDEN Copenhagen -0.011 -0.350 0.726 0.000 

ENZL Queenstown 0.006 0.239 0.811 0.000 

EZA Cape Town -0.003 -0.130 0.896 0.000 

EWZ Brasilia 0.001 0.124 0.901 0.000 

INDA Bombay 0.003 0.090 0.928 0.000 

EWK Antwerp 0.000 -0.004 0.996 0.000 

Table 7 – Regression Analysis Daylight (2) 

 

Only the ATOI index, located in Sydney, was found to be significantly affected by the effects 

of daylight (T = 1.977 & P = 0.048). Assuming a 95 percent confidence level, total daylight 

hours had a positive effect on average stock returns. In other words, the more total daylight 

hours Sydney received, the higher the daily stock returns on average. However, the other 

twenty-two indices studied showed no such relationship. The results found in Australia can be 

considered a statistical outlier as there are no obvious differences (such as size, trading volume, 

development and enlisted companies) between the Sydney Stock Exchange and the other 

markets around the world. The observed results differ from the hypothesized results, an 
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increase in daylight results in an increase in daily stock returns. The following paragraphs will 

try and explain this discrepancy.  

 

Wurtman (1968) argues that ‘light is the most important environmental input, after food, in 

controlling bodily functions.’ (sic!) Daylight exposure has been associated with multiple mental 

and physical health benefits. More importantly, Brown & Jacobs (2011) stress the importance 

of daylight on mood. The authors report that individuals exposed to inadequate natural light are 

1.4 times more likely to develop depression and suffer from daily negative affect. Based on the 

academic literature, Van den Berg (2005) suggested three possible causal mechanism on how 

daylight could influence investor sentiment and consequently average daily stock returns. 

However, the findings as described in the paragraphs above differ from the hypothesized 

relationship. Although well-founded in biological, psychological and economical literature, the 

third hypothesis must be rejected. Daylight does not seem to affect stock returns. 

 

The variable ‘total daylight hours’ was measured as the time between sunrise and sunset. 

However, daylight exposure can be affected by a multitude of factors. For example, the analysis 

did not include cloud coverage. The effect of total daylight hours might be mediated by total 

cloud coverage. The time between sunrise and sunset might be long, but when it is cloudy all 

day the effects of daylight are nullified. This could explain the discrepancy between the 

hypothesized effect and the observed effect. Future research should include different weather 

variables as mediating or moderating variables in order to measure the effect of daylight 

specifically. Secondly, individual investor lifestyle could have affected the effect of daylight 

on daily stock returns. In today’s society, human activity is mostly located indoors. Brasche &  

Bischof (2005) found that daily time spent indoors is 15.7 hours in Germany. These results are 

in accordance with previous findings which showed Americans and Canadians spent 15.6 and 

15.8 hours per day inside respectively. The comprehensive time-activity study shows the effect 

of daylight might be mediated by individual lifestyle, or more specifically the total time spent 

indoors. Further, the effect of daylight on daily stock returns was studied using a regression 

analysis. One of the assumptions underlying the regression analysis is a linear relationship 

between the dependent and independent variable. In the high north, where there is a lack of 

daylight in the winter and excessive daylight in summer, Hansen, Lund & Smith-Sivertsen 

(1998) conducted a psychological study. The authors found lack of daylight to be associated 

with seasonal affective disorder and self-reported depression. Further, positive affect and 

energy significantly decreased during the winter. During the summer, participants struggled 
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with sleep-related disorders. Based on the research conducted by Hansen, Lund & Smith-

Sivertsen (1998), one can argue that the effect of daylight might be of non-linear nature. Only 

excessive or deprivation of daylight affects investor sentiment which explains the findings for 

the twenty-three national indices.  

 

4.3 Sunlight 

The effect of sunlight on average stock returns and investor sentiment was studied using both a 

cross-sectional and time-series based analysis. The sample used for this sub-analysis was the 

same as the samples used for the analysis of the effect of lunar phases and the analysis of the 

effect of daylight. By taking the daily average sunlight hours, combined with the daily average 

return over the twenty-threes indices, a regression analysis was conducted. The results of the 

regression analysis can be found in table eight. 

 

Regression Statistics 

R Squared 0.000448 

Standard Error 0.005474 

Observations 1535 

 

 Coefficients Standard Error T Value P Value 

Intercept -0.00022 0.000217 1.00246 0.316277 

Sunlight -4.7E-06 5.64E-06 0.82852 0.407503 

Table 8 – Regression Analysis Sunlight 

 

As can be seen, the variable ‘sunlight’ cannot be considered as a significant predictor of average 

daily returns.  The T value is equal to 0.82852 with an insignificant P value of 0.40750. Further, 

R squared is equal to 0.000448 meaning the model explains 0.0448 percent of the average daily 

return variance. Again, based upon the findings by Floros & Tan (2012) arguing that 

environmental effects are stronger in emerging markets, the time-series based analysis was 

performed on the individual indices. The results can be found in table nine.  
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Index Location Standardized Beta 

Coefficient 

T 

Value 

P 

Value 

R 

Squared 

ARGT Buenos Aires 0.095 3.342 0.001 0.009 

NGE Abuja -0.119 -3.170 0.002 0.014 

EDEN Copenhagen 0.040 1.278 0.20 0.002 

EZA Cape Town 0.047 1.857 0.064 0.001 

HANGSENG Hong Kong 0.049 1.740 0.082 0.002 

AEX Amsterdam 0.042 1.656 0.098 0.002 

DAX Berlin -0.039 -1.519 0.129 0.002 

EWC Toronto -0.037 -1.439 0.150 0.001 

GXG Bogota -0.036 -1.394 0.164 0.001 

ENXA Paris -0.035 -1.353 0.176 0.001 

KS11 Seoul -0.033 -1.298 0.195 0.001 

EWK Antwerp -0.028 -1.078 0.281 0.001 

NYSE New York 0.026 1.023 0.306 0.001 

EWW Mexico City -0.025 -0.965 0.335 0.001 

SP500 New York 0.023 0.882 0.378 0.001 

INDA Bombay -0.027 -0.858 0.391 0.001 

SSE Shanghai 0.020 0.779 0.436 0.000 

ATX Vienna 0.019 0.733 0.464 0.000 

ENZL Queenstown 0.020 0.724 0.469 0.000 

EGPT Cairo -0.012 -0.451 0.652 0.000 

N225 Tokyo -0.008 -0.301 0.764 0.000 

EWZ Brasilia -0.006 -0.230 0.818 0.000 

ATOI Sydney -0.003 -0.085 0.932 0.000 

Table 9 – Regression Analysis Sunlight (2) 

 

For two out of the twenty-three indices, sunlight seemed to significantly affect daily average 

stock returns. The Argentinian stock exchange located in Buenos Aires was influenced by total 

daily sunlight hours (T = 3.342, P = 0.001).  The more daily sunlight was reported at latitude 

34° 36' N and longitude 58° 22' W, the higher the average daily returns. Controversially, the 

opposite relationship was found in Abuja. The Nigerian Stock Exchange is located in Abuja 

(latitude 9° 4' N and longitude 7° 29' W) where total daily sunlight hours negatively affected 

average daily stock returns. The more the capital of Nigeria was exposed to the sun, the lower 

the daily average stock returns. Despite the significant T values, the R squared of the regression 
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model was 0.009 and 0.014 for Buenos Aires and Abuja respectively. This indicates that the 

variable ‘sunlight’ is able to explain 0.90 percent of the stock return variance for the Argentinian 

index whereas the variable ‘sunlight’ can explain 1.40 percent of the stock return variance for 

the Nigerian index.  

 

Therefore, despite being well-founded in the academic literature, the second hypothesis must 

be rejected. The biological importance of sunlight was documented by multiple authors 

(Rosenthal et al., 1984). Sunlight is essential for both physical and mental health 

(Kent et al., 2009). More specifically, it was hypothesized that the effect of weather on mood 

could affect investor sentiment positively as Denissen, Butalid, Penke & van Aken (2008) found 

sunny weather to be associated with an upbeat and positive mood. Although this hypothesized 

causal model makes sense subjectively, both cross-sectional as well as time-series findings 

seem to disagree. The cross-sectional analysis showed there is no persuasive sunlight effect on 

average stock returns. Further, the time-series based analysis showed merely a single index, 

ARGT, aligned with the hypothesized effect. Based upon these findings, the hypothesis can be 

rejected.  

 

Several possible explanations can be given for the discrepancy between the hypothesis and the 

results. As argued by Hirshleifer & Shumway (2003), the effect of investor sentiment is largest 

for small and medium scale investors. Theoretically, large scale investors act more rationally 

compared to individual investors. Goldman Sachs Global Investment Research (2014) showed 

merely thirty-three percent of the domestic equity market is owned by small scale investors. 

Moreover, a significant part of these investors invests passively. This means that even if the 

effect of environmental factors would have been significant for this segment of investors, the 

trading behavior of large scale investors would have nullified the effect. Secondly, not only the 

type of investors is relevant, the type of trading behavior might have affected the findings as 

well. JP Morgan (2017) estimates that ‘fundamental discretionary traders’ account for merely 

10 percent of daily trading volume in stocks. Further, the financial institute argues that ‘the 

majority of equity investors today don't buy or sell stocks based on stock specific fundamentals’ 

but state that the market has shifted towards quantitative and automated trading. More 

specifically, Marko Kolanovic, head of quantitative and derivatives research, suggests that 

passive and quantitative investing strategies account for more than sixty percent of daily 

trading. Further, the trend of automated trading behavior seems to increase rapidly. Logically, 

automated trading algorithms and passive investors are not affected by environmental factors 
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such as sunlight exposure. This could explain why the results differ from the hypothesized 

effect.  

 

4.4 Integrative Model 

The hypotheses regarding the integrative model were tested using a multiple regression 

analysis. Logically, the dependent variable was the ‘average daily returns’. The independent 

variables were constructed using the individual lunar phases, sunlight and daylight sub datasets 

from the twenty-three national indices. The variable ‘lunar phases’ was transformed into its 

continuous counterpart. Traditionally, lunar phases have been assumed to be a nominal variable 

as it can be defined as either full moon, first quarter, new moon or the third quarter phase. This 

is demonstrated in the analyses of both Yuan, Zheng & Zhu (2006) and Floros & Tan (2012). 

However, by depicting different lunar phases as a nominal variable, it loses statistical power, 

accuracy and validity especially within the multiple regression model. During the data 

collection phase, several lunar based data sources provided the option of ‘coverage’ or ‘percent 

of full’ meaning to what extent the moon was visible. For example, during a new moon almost 

zero percent of the moon is visible whereas during a full moon almost hundred percent of the 

moon is visible. Transforming lunar phases from a nominal variable into a continuous variable 

might help increase understanding of the relationship and its implications for the hypothesis. 

The variables ‘daylight’ and ‘sunlight’ were not transformed or adjusted. The results of the 

multiple regression analysis are reflected in table ten.  

 

Model R R Squared Standard Error of the Estimate 

1 0.076 0.006 0.005462 

 

Variable Standardized Coefficient T Value Significance 

Lunar Phase -0.069 -2.717 0.007 

Daylight -0.023 -0.895 0.371 

Sunlight -0.019 -0.738 0.460 

Constant  1.060 0.289 

Table 10 – Multiple Regression Analysis 

Unfortunately, the regression model does not have significant prediction power. The R squared 

is equal to 0.006 meaning the model is able to explain 0.6 percent of the variance in daily 

average stock return. From a practical perspective, this model cannot be used to construct a 

profitable trading strategy. This does not come as a surprise, as section 4.2 and 4.3 have shown 
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that the individual effects of daylight and sunlight are insignificant as well. Interestingly, the 

‘lunar phase’ variable seems to be a significant variable in the regression model, even in its 

continuous form. The T value was equal to -2.717 with an P value of 0.007. This indicates that 

the lower the ‘percent of full’ factor of the moon, the higher the daily average returns. The 

findings regarding the effect of lunar phase align with the previously found results in section 

4.1. Based on my sample consisting of 31.882 stock returns I was unable to create a profitable 

trading model regarding environmental factors.  

 

In order to test hypotheses four, five and six a set of two-way ANOVA tests were used. The 

seventh hypothesis was tested using a simple Pearson correlation analysis. The results of the 

two-way ANOVA tests can be found in table eleven. 

 

Source Mean Square F Value Significance 

Sunlight x Daylight 0.00002221 1.373 0.578 

Daylight x Lunar Phase 0.00003011 1.433 0.502 

Lunar Phase x Sunlight 0.00002973 1.414 0.506 

Table 11 – Two-way ANOVA tests 

As can be seen in the table, none of the interaction-related effect was found to be significant. 

The interaction between sunlight and daylight was insignificant as the F value is equal to 1.373 

with a significance of 0.578. Similarly, the interaction effect between daylight and lunar effects 

was insignificant (F = 1.433 & P = 0.502). The interaction effect between lunar phases and 

sunlight was insignificant as well (F = 1.414 & P = 0.506). This is not too surprising as the 

individual daylight and sunlight effects were insignificant as well. Further, there was no 

academic literature specifically related towards the hypothesized effects. The fourth hypothesis 

must be rejected whereas the fifth and sixth hypotheses can be confirmed.  

 

The seventh and last hypothesis was tested using a simple Pearson correlation. Initially, the 

correlation between daylight and sunlight was assessed using the sample’s average daylight and 

average sunlight hours. The Pearson correlation between the two variables was 0.059273. 

Interpreting the correlation guidelines as provided by Cohen (1988), this means the correlation 

should be interpreted as small. Yet the P value of 0.020 indicates the correlation between 

sunlight and daylight is significant. As the correlation seemed rather low, the correlation 

between daylight and sunlight for each individual index was studied. The results can be found 

in table twelve.  
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Index Pearson 

Correlation 

Significance 

ENXA 0.450 0.000 

DAX 0.538 0.000 

INDA 0.621 0.000 

N225 0.098 0.000 

ENZL 0.228 0.000 

KS11 0.114 0.000 

AEX 0.498 0.000 

EWZ 0.380 0.000 

ARGT 0.306 0.000 

GXG 0.132 0.000 

EZA 0.342 0.000 

NGE 0.598 0.000 

EWC 0.503 0.000 

EWW 0.249 0.000 

EDEN 0.595 0.000 

EGPT 0.633 0.000 

ATOI 0.077 0.003 

ATX 0.049 0.054 

EWK 0.034 0.179 

NYSE  0.038 0.212 

SP500 0.038 0.212 

SSE 0.029 0.253 

HANG SENG 0.002 0.926 

Table 12 – Pearson Correlation Results 

 

Seventeen out of the twenty-three indices showed a significant correlation between daylight 

and sunlight. The Pearson correlation ranged from 0.002 to 0.633 with all values being positive. 

Based on the sample wide Pearson correlation analysis and the sub analysis of the individual 

indices, the seventh hypothesis can be confirmed. The effects of sunlight and daylight on 

average stock returns correlate significantly. 
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In conclusion, from a practical perspective, the environmental factors cannot be used to 

construct a profitable behavioral-based investment strategy. The variables daylight and sunlight 

do not significantly affect daily stock returns, meaning that the amount of daylight or sunlight 

does not influence daily stock returns. In other words, it does not matter for stock market 

performance whether it is a sunny or cloudy day, or whether the day is relatively long or short. 

Neither institutional or individual investors should incorporate the effects of daylight or sunlight 

into their investment decisions. Similarly, although significantly correlated, the effect of 

different lunar phases cannot be used to create a profitable trading strategy. As hypothesized in 

section 4.1, there are other causal explanations for the effect of the new moon phase on daily 

stock returns. Therefore, investors should not incorporate different lunar phases into their 

investment decisions as the variables merely correlate. Unsurprisingly, the integrative model 

did not provide additional prediction power. None of the variable combinations seemed to 

significantly interact. Further, the effects of daylight and sunlight on daily stock returns was 

significantly correlated, implying similar biological and psychological mechanisms might be in 

play. Consequently, the results suggest the environmental variables cannot be used to increase 

security price related prediction power.      
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5. Conclusion 

The efficient market hypothesis and the modern portfolio theory form the foundation of 

traditional finance research (Ricciardi & Simon, 2000). By relaxing the traditional finance 

assumptions of (expected) utility maximization, rational agents and efficient markets, 

behavioral finance studies the financial markets from a different perspective (Baker & Wurgler, 

2011). This thesis uses the behavioral finance perspective, striving to increase understanding of 

security pricing through psychology-based theories. Fundamental to behavioral finance (and 

the thesis) is investor sentiment. Investor sentiment reflects the overall (psychological) attitude 

of individual investors towards the financial markets and can be used to increase predictive 

accuracy (Bank & Brustbauer, 2014). Investor sentiment is affected by a wide range of factors 

including sporting events, media pessimism, terrorist attacks and the weather (Edmans, Garcia 

& Norli, 2007). More recently, the effects of environmental factors on investor sentiment have 

become popular within the field of behavioral finance. Although studies exist regarding the 

individual effects of weather, temperature, climate and lunar phases, none of traditional 

literature has tried and integrate the environmental factors. Therefore, within this thesis the 

effects of environmental factors including lunar phases, daylight and sunlight on investor 

sentiment and consequently daily stuck returns is studied. This lead to the research question 

what is the effect of lunar phases, sunlight & daylight on average stock returns.  

 

The academic literature regarding the effect of lunar phases is spurious. Whereas historical 

literature argues that lunar phases affect investor sentiment through psychological and 

biological mechanism, more recent literature argues the opposite. For example, Gardner (1981) 

found the new moon phase to be associated with mental health related difficulties and 

psychiatric hospital admission whereas the meta-analysis conducted by Owens & McGowan 

(2006) that the biological mechanism are flawed and significant results are due to 

methodologically flawed, inconclusive and confounded studies Despite the debate surrounding 

the Transylvanian effect, both Yuan, Zheng & Zhu (2006) and Dichev & Janes (2003) found 

significant correlations between lunar phases and stock return.  

 

According to Wurtman (1968) ‘light is the most important environmental input, after food, in 

controlling bodily functions.’ (sic!) Daylight exposure was found to be beneficial for physical 

health, stress levels, satisfaction at work and sleep quality. Further, Brown & Jacobs (2011) 

reported that lack of daylight exposure increases the probability of developing a mental illness. 

Kamstra, Kramer & Levi (2003) build on these assumptions and argue that average stock 
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returns vary seasonally due to the total daylight hours. The authors found stock return patterns 

at different latitudes and longitudes providing compelling evidence for the link between average 

stock returns and total daylight hours. Contradictorily, Kelly & Meschke (2010) state significant 

daylight effects are due to mechanically induced statistical significance. 

 

The importance of sunlight has been documented by Rosenthal et al. (1984). The authors 

identified lack of sunlight as one of the determinants of mental disorders. Similarly, Kent et al. 

(2009) and Butalid et al., (2008), found exposure to sunlight to be positively correlated with 

cognitive performance and mood respectively. Biological and psychological literature stress the 

importance of daylight exposure. More specifically, Hirshleifer & Shumway (2003) argue that 

sunshine is associated with an upbeat mood which translates to individual investors evaluating 

the future more optimistically. The authors state that sunshine is strongly correlated with stock 

returns. Chang, Nieh, Yang & Yang (2005) found similar results for the Taiwanese market.  

 

Based on the three paragraphs above, seven hypotheses were constructed which are summarized 

in table thirteen. In order to test these hypotheses, multiple statistical analyses were used. The 

effect of lunar phases on average stock returns was studied cross-sectionally by using a standard 

T test. Further, the effect of sunlight was analysed using a regression analysis applied both 

cross-sectionally and as a time-series.  A similar statistical test was used for the analysis of the 

effect of daylight. The integrative model was constructed using a multiple regression analysis 

whereas the interaction effects were assessed using multiple two-way ANOVA tests. Lastly, 

the correlation between the ‘sunlight’ and ‘daylight’ variables were studied using a Pearson 

correlation test. The results of the statistical tests can be found in section four, the interpretation 

regarding the hypotheses is in table thirteen.  

 

The data used in the analyses came from multiple sources. Lunar phase data was obtained from 

United States Naval Observatory Astronomical Applications Department. The data source 

provides an overview of the different lunar phases for specific dates. The continuous lunar 

phase data used in the multiple regression analysis, as explained in section 4.1, was obtained 

using QuickPhase. The United States Naval Observatory provides the time of sunrise and sunset 

for every location based upon geographical longitude and latitude. After data extraction, total 

daylight hours were obtained by subtracting time of sunrise from time of sunset. The data was 

cross-referenced with the Earth System Research Laboratory database, the Sunrise Sunset API 

and empirical observations. Unfortunately, there is not a single database providing total sunlight 
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hours for each geographical position. Therefore, the final dataset was constructed by using 

multiple regional data sources including European Climate Assessment & Dataset, National 

Weather Service – Office of Climate, Water and Weather Service, NIWA Taihoro Nukurangi 

and MeteoBlue. Lastly, the average daily stock returns were taken from multiple indices as well 

as for multiple dates. In order to obtain the daily returns for the indices several different 

databases were used. Returns for United States based indices were extracted from the Center 

for Research in Security Prices. Similar information for European markets was found in the 

YCharts database. For local and smaller indices tools such as Bloomberg, Morningstar and 

Yahoo Finance were used. 

 

Hypothesis Confirmed or Rejected? 

H1. Different lunar phases do not affect 

average stock returns. 
Rejected 

H2. An increase in daylight results in an 

increase in daily stock returns 
Rejected 

H3. An increase in sunlight results in an 

increase in daily stock returns 
Rejected 

H4. There is an interaction effect between 

sunlight and daylight 
Rejected 

H5. There is no interaction effect between 

sunlight and lunar phase 
Confirmed 

H6. There is no interaction effect between 

daylight and lunar phase 
Confirmed 

H7. The effects of sunlight and daylight on 

average stock returns correlate significantly 
Confirmed 

Table 13 – Overview Results 

Different lunar phases seem to correlate with average stock returns. The first quarter phase, the 

third quarter phase and the full moon phase did not differ significantly from the sample average. 

However, during the new moon phase average daily stock returns were found to be significantly 

higher (T = 3.228, P = 0.00066). Despite the correlation, the causal effect is unsupported by 

biological and psychological literature. Therefore, different possible causal factors were 

discussed (cum hoc, ergo propter hoc). Secondly, despite well-founded in the academic 

literature, there was no significant relationship found for both daylight and sunlight daily stock 

returns. The cross-sectional as well as the time-series regression analysis proved to be 
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insignificant. It was argued that due to mediating variables such as trading behavior, market 

composition, individual lifestyle and weather, the environmental effects were nullified. Further, 

the integrative model did not proof to have significant predictive power. Similarly, as the 

individual main factors were insignificant, there were no interaction effects found. Lastly, there 

was a significant correlation between the effects of sunlight and daylight (PC = 0.059273 & P 

= 0.0020).  

 

In simpler words, both daylight and sunlight do not seem to affect daily stock returns. From a 

practical perspective, this means investors should not incorporate light-based environmental 

factors into their investment decisions. Whether there is a lot of daylight or whether the sun in 

shining does not influence security prices. Contrarily, the lunar phase does correlate with daily 

stock returns. However, as explained in section 4.1 this does not necessarily imply causation. 

Therefore, individual and institutional investors cannot build a profitable investment strategy 

based on lunar phases yet, as the underlying causal mechanisms remain unclear. Behavioral 

finance is a relatively new academic field and as such has yet to reach maturity. In order to 

increase understanding of the role of environmental factors in the prediction of security prices, 

future research could focus on the effect of environmental factors on investor sentiment for 

individual investors as opposed to institutional factors. Further, integrating other possible 

mediating variables into the environmental framework could lead to a  profitable behavioral-

finance-based investment strategy. 

 

5.1 Limitations & Future Research 

The study and the generalizability of the results are limited by several factors. The sample 

consisted of twenty-three national indices which were selected qualitatively by looking at size, 

location and trading volume. However, the sample was limited by the availability of daily stock 

return data which could lead to an availability bias. Not only that, within the cross-sectional 

and time-series based analyses no distinctions were made between indices. The effect of 

daylight and sunlight was studied for individual indices but did not quantitatively account for 

other variables such as trading volume, size and investor segmentation. Future research could 

try and implement index related variables to further study the effect of environmental factors. 

For example, the effect of sunlight might be significant for market were a larger part of trading 

is done by individual investors as opposed to institutional investors. 
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As stated in section 4.2 and 4.3, the effects of daylight and sunlight on daily stock returns could 

have been influenced by multiple different variables. It was hypothesized that the relationship 

between daylight and returns could have been mediated by cloud coverage and other 

environmental factors. As daylight was calculated using the time of sunrise and sunset, actual 

daylight hours could have been affected by cloud coverage. Future research could focus on 

constructing an extensive environmental model including more weather and climate related 

variables in order to completely understand their effects on investor sentiment and stock returns. 

Further, it is important to look at investor segmentation and individual investor behavior. As 

argued by Hirshleifer & Shumway (2003), the effect of investor sentiment is largest for small 

and medium scale investors. When stocks are traded mostly by individual investors, 

environmental factors could play a more important role compared to markets where securities 

are traded mostly by institutional investors. Therefore, future research could study the 

relationship between environmental factors, investor sentiment and security prices based upon 

type of investors. 

 

Fourthly, as reported in section 4.1, the average daily return over the sample equalled -0.00799 

percent. The sum of the daily returns over this time frame was -12.043 percent. The negative 

cumulative returns could be caused by aftershocks of the financial crisis as the sample starts at 

the beginning of 2010 (Reinhart & Rogoff, 2009). The consequential results could lead to 

systematic underperformance of the market affecting the hypothesized effects. Future research 

could study the manifestation of environmental effects throughout a different timeframe.  

 

Although a significant part of the sunlight data was generously provided by MeteoBlue, the 

total sunlight hours are based upon high precision simulation data. This implies that total daily 

sunlight hours are calculated by using historical cloud coverage as opposed to ground-based 

sun measurements. Usually, simulation measurement are more precise than ground-based 

measurements as there is no weather station geographically located near the stock exchange. 

Despite its superior accuracy, it could have affected the sunlight results systematically as 

sixteen out of the twenty-three indices were based on the MeteoBlue dataset. Future research 

could assess whether simulation and ground-based measurements differ significantly and how 

it affects the hypothesized relationships.  
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In conclusion, a lot remains unclear regarding the effects of environmental factors on investor 

sentiment and daily stock returns consequently. Behavioral finance is a relatively new academic 

field and as such has yet to reach maturity. The variables affecting individual behavior are 

complex and interspersed. Biological and psychological literature stress the importance of 

environmental factors on investor sentiment ergo their potential value within a business 

framework. As the study was limited by several factors, further research could use the 

aforementioned suggestions to advance behavioral finance as a valuable research perspective 

and to increase understanding of environmental factors. Consequently, further research can 

yield increased predictive power regarding security prices and even a profitable behavioral-

finance-based investment strategies.  
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