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Abstract

We investigate whether there exists a relationship between eight proxy variables for investor

mood (based on the weather, biorhythms, and beliefs) and daily Irish stock returns over the period

1988 to 2001. Our study is motivated by recent research that argues that people’s decisions are

influenced by their feelings, especially when the decision involves risk and uncertainty [e.g.,

Psychol. Bull. 127 (2001) 267–286]. We find that some of the variables proposed in the literature

(rain and time changes around daylight savings) are minor but significant influences. We also find

preliminary evidence for the relationship between mood proxy variables and equity returns being

more pronounced in times of positive recent market performance. This finding is consistent with

psychological research showing that people in a good mood (in this case, because of presumed gains

in their investment portfolios) are more likely to allow irrelevant mood factors to influence their

decision making [e.g., Mackie, D. M., & Worth, L. T. (1991). Feeling good, but not thinking straight:

The impact of positive mood on persuasion. In: Forgas, J. P. (Ed.), Emotion and Social Judgments

(pp. 201–219). Oxford: Pergamon Press].
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In estimating the prospects of investment, we must have regard . . . to the nerves

and hysteria and even the digestions and reactions to the weather of those

upon whose spontaneous activity it largely depends. John Maynard Keynes

(1936, p. 162)
1. Introduction

Variables based on the weather and the body’s natural biorhythms can safely be

described as noneconomic variables in the context of traditional models of equity

pricing. However, from a psychological perspective, weather and biorhythms are not

neutral variables. Variations in these variables have been shown to have a

significant impact on people’s moods (e.g., Howarth & Hoffman, 1984). This is

important because Loewenstein (2000, p. 426) argues that the feelings experienced

at the time of making a decision boften propel behaviour in directions that are

different from that dictated by a weighing of the long-term costs and benefits of

disparate actionsQ.
As equity pricing involves the weighing of long-term costs (the riskiness of

future cash flows due to an equity) and benefits (the right to a share in the future

net cash flows due to an equity), an increasing number of researchers in

behavioural finance have investigated whether mood fluctuations, such as those

induced by weather and biorhythm variations, can influence investor’s valuations of

equities.

Prior investigations in this area have found a relationship between equity returns

and a wide variety of variables that are known to cause mood fluctuations. These

variables, termed mood proxy variables, include the weather (e.g., Hirshleifer &

Shumway, 2003), biorhythms (e.g., Kamstra, Kramer, & Levi, 2003), and belief-based

factors (e.g., Dichev & Janes, 2001).

This paper investigates whether there is a relationship between Irish equity returns

and eight of the mood proxy variables identified in previous studies: cloud cover,

rain, humidity, geomagnetic storms, Seasonal Affective Disorder (SAD), daylight

savings time changes (DSTC), lunar phases, and Friday 13th. All these variables are

argued to be economically neutral but psychologically important.

This paper contributes to the investor mood literature by (1) testing for linear, as

well as nonlinear, specifications of a number of the mood proxy variables; (2)

testing for interactions between the variables; and (3) testing whether the

performance of the equity market affects the influence of the mood proxy variables

on investor decision making. The paper also contributes to our knowledge of the

Irish equity market, as most of these mood variables have not been previously

tested in the Irish context.

The remainder of this paper is organised as follows. Section 2 reviews the relevant

literature on mood influences on decision making and, specifically, how mood is

believed to influence investor decision making. Section 3 outlines the data approach

of the study. Section 4 presents and analyses the empirical findings. Section 5

concludes.
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2. Research on investor mood

Investor mood research has, to date, concentrated on the relationship between stock

prices and variables based on widespread proxies for mood. These variables are

hypothesised to be the most likely to be evident in equilibrium stock prices. These

influences include the weather, time changes, and the body’s biorhythms. This section

reviews the underlying psychological basis for this research and presents the findings of

previous research in the area.

2.1. Mood and decision making

A comprehensive recent survey of the psychological basis for mood influencing

decision making is contained in Loewenstein, Weber, Hsee, and Welch (2001). In this

paper, a brisk-as-feelingsQ model is developed to act as a descriptive model of decision

making under conditions of risk and uncertainty. Specifically, Loewenstein et al. (2001)

concentrate on how decision making under the influence of feelings deviates from rational/

optimal decision making.

One form of deviation from optimal decision making is due to the role of mood as a

source of information to people when they are making these decisions. Due to cognitive

constraints and excessive information (which, together, can be classed as dbounded
rationalityT), which prohibit fully rational decision making for complex decisions, people

tend to make satisfying rather than optimal decisions (Conlisk, 1996; Simon, 1955). A

recent strand of economic literature has argued that people turn to their emotions to help

them make these satisfying decisions when they operate under conditions of bounded

rationality (Hanoch, 2002; Kaufman, 1999).

However, this form of satisfying can lead to biased decision making, according to the

dmood-as-informationT theory developed by Norbert Schwarz and colleagues x(e.g.,

Schwarz, 1990). This theory argues that mood helps people to make decisions by guiding

people towards decisions that are congruent with their mood. While this is beneficial and

aids decision making, a problem arises with misattribution of mood. Schwarz (1990)

suggests that mood tends to inform decisions even when the source of the mood state is

unrelated to the decision being made. Thus, Isen, Shalker, Clark, and Karp (1978) found

that putting people in a good mood at the beginning of an experiment (by giving them a

small gift) resulted in people giving more favourable evaluations of a shopping experience

than do people in a neutral mood. In addition, Johnson and Tversky (1983) found that

having people read negative-mood-inducing news stories resulted in their rating risks of

unrelated activities as being higher than did the people who did not read the news stories.

One well-researched source of misattributed mood is the weather. Howarth and

Hoffman (1984, p. 15) summarise research on the weather and mood as, bweather
variables affect an individual’s emotional state or mood, which creates a predisposition to

engage in particular behavioursQ. The essential finding of this area is that, across a wide

range of weather variables, good weather induces positive mood states and bad weather

induces negative mood states.

The main weather-related variables that have been found to affect mood are sunshine

(Cunningham, 1979), humidity (Allen & Fischer, 1978), temperature (Bell & Baron,
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1976), and barometric pressure (Digon & Bock, 1966). For example, in sunny conditions,

people become more generous in tipping (Cunningham, 1979; Rind, 1996), more willing

to answer questions for an interviewer (Cunningham, 1979), and more willing to give

money to the needy (Lockard, McDonald, Clifford, & Martinez, 1976).

2.2. Mood and investor decision making

Based on the research finding a connection between weather and mood, finance

researchers have investigated whether the positive or negative mood induced by weather

causes a mood misattribution that results in marginal investors pricing stocks more

optimistically/higher when in a weather-induced good mood and pessimistically/lower

when in a weather-induced negative mood. Expansions of this research area have led to

investigations of predictable variations in mood around fluctuations in the body’s

biorhythms and mood fluctuations induced by belief-based factors.

In weather studies, Saunders (1993) found a relationship between the level of cloud

cover in New York and returns to stocks (DJIA from 1927 to 1989; NYSE/AMEX from

1962 to 1989). Two levels of cloud cover were found to be important; when cloud cover

was 100% (85% of rain occurs at this time), returns were significantly below average, and

when cloud cover was 0–20% (times of sunshine), returns were significantly above

average. Saunders shows that his findings are robust to adjustments for the known

anomalous returns in January and on Mondays.

Hirshleifer and Shumway (2003) replicate the study of Saunders over the index returns

of 26 international stock exchanges (including Ireland) from 1982 to 1997. In addition to

testing a cloud cover variable, precipitation and snowiness variables are also tested.

Twenty-five out of 26 indices are found to be negatively related, 9 of them (not including

Ireland) significantly, to increases in cloud cover. Precipitation and snowiness are not

significantly related to stock returns after controlling for sunshine. For Ireland, they find

that cloud cover and rain have a negative, but insignificant, influence on the level of

returns to the Datastream Irish market index.2

More recently, Krivelyova and Robotti (2003) analyse the effects of increases in

geomagnetic field strength, which is positively associated with the incidence of solar flares

and sunspots, on international equity returns. Referring to medical and psychological

literature, they demonstrate a plausible linkage between mood and these geomagnetic

storms, and also between geomagnetic storms and health. Using a data set of markets in

nine countries, they find a significant negative relationship between the level of

geomagnetic storms and equity returns.

A number of papers have found a relationship between biorhythms and mood. Kamstra

et al. (2003) find that the seasonal variation in biorhythms and mood caused by changes in

the hours of sunlight in the day (an effect known as Seasonal Affective Disorder or SAD;

see Rosenthal (1991) for a review) is predictive of a seasonal variation in stock returns.

The investigation covered data from a minimum of 1988 to 1999 and seven countries.
2 Some caution should, however, be expressed here as the construction of the said index in the Irish context

induces survivor bias, which may well be significant (see Ryan & Donnelly, 1998).
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Returns are significantly negative as the Winter Solstice approaches for six of the seven

countries and significantly positive for six of the seven countries after the Winter Solstice

has passed. This finding is robust to the inclusion of known anomalies, such as the January

effect, the tax loss effect, and the Monday effect.

In another biorhythm study, Kamstra, Kramer, and Levi (2000) investigate the effect of

interruptions to sleep patterns caused by daylight savings time changes (DSTC), which

occur twice a year: in Spring, when clocks go forward an hour, and in Autumn, when

clocks go back an hour. This causes an interruption to the circadian rhythm of the body

and has been shown to cause anxiety (Coren, 1996). The authors use data for the U.S.,

Canadian, German, and UK markets for at least 1973 to 1998 to test whether the mean of

the returns for the two daylight savings time changes weekends is significantly different

from regular weekend returns. The results confirmed that returns for daylight savings time

changes weekends are significantly more negative than that for regular weekend returns

(with the exception of Germany, where the results were more negative but not significantly

so). The results were robust to adjustments for heteroskedasticity and autocorrelation.

However, Pinegar (2002) argues that the DSTC effect is significant only for the autumn

change, and even at that, the effect is driven by two major outliers. In particular, the 1987

change was temporally close to the 1987 crash, leading Pinegar to suggest that the effect

may be a data artefact. Kamstra, Kramer, and Levi (2002) refute this argument, based on

methodological and international evidence. Thus, the importance of this clock change

remains uncertain.

In other research, it has been argued that there are belief-based factors that influence

investor decision making. One area of study argues that there is a lunar cycle (known as a

circatrigintan cycle) effect in stock prices (Dichev & Janes, 2001; Yuan, Zheng, & Zhu,

2001). These investigations find that returns are significantly higher in the days

surrounding new moon dates than in the days surrounding full moon dates. This research

differs from the other mood-proxy research outlined in this paper, in that there is little

explicit psychological evidence for these effects. They argue that the effect, if it exists,

may reflect societal beliefs as opposed to the postulated psycho-physiological basis for

effects.

The set of societal beliefs can be added to by including the Friday the 13th studies.3

While not universally similar in findings, these studies generally find that Friday the

13th is associated with below-average returns compared with other Fridays (Kolb &

Rodriguez, 1987; but see Lucey, 2001). This finding is consistent with the negative

superstitions surrounding the day.

In this paper, we extend the research on the relationship between equity returns and

weather, biorhythm, and belief-based mood proxies in a number of important ways. First,

we test eight individual mood proxy variables in the same study, thus allowing the study to

not only to test individual relationships, but also to discover possible interactions between

the variables. The variables tested are cloud cover, rain, humidity, geomagnetic storm

activity, Seasonal Affective Disorder, daylight savings time changes, lunar phases, and

Friday the 13th. Second, we test a number of alternative specifications of many of the
3 We are grateful to an anonymous referee for suggesting this area of investigation.
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mood proxy variables, in addition to the standard test of a linear relationship between the

variable and equity returns. Third, we test whether historical market performance affects

the relationship between the mood proxy variables and equity returns. This has not

previously been investigated. Fourth, the study is conducted using returns on the main

Irish equity index: the Irish Stock Exchange Official Price Index (ISEQ). This index has

been relatively little studied, especially for evidence of investor mood affecting equity

returns, and thus partially immunises us from the charge of data mining.
3. Data description

We collected daily stock returns for the Irish Stock Exchange Official Price Index

(ISEQ) from Datastream from 14th October 1988 to 29th December 2000. The ISEQ is a

comprehensive value-weighted index of equities listed on the Dublin Stock Exchange.

Further details on construction of the index are available from www.ise.ie. We also collect

daily stock returns from Datastream for the same period for the FTSE All-World Index

(FTWORLD). The FTWORLD is a value-weighted index covering over 2300 stocks and

49 countries.

We calculate the local component of Irish stock returns (ISEQLOCAL) by subtracting

the daily return on the FTWORLD from the daily return on the ISEQ. The rational for

calculating a local component of Irish stock returns is that we believe that mood variables

are most likely to affect this component of the returns. In addition, works such as

Gallagher (1995) show that a very significant determinant of the Irish stock return is the

contemporaneous return in the UK and German markets. By concentrating on the local

component only, we hope to more finely disaggregate any effects caused by mood.

Summary statistics for ISEQLOCAL are included in Table 2. The mean daily return is

0.012%. The maximum daily return is 5.35% on 24th October 1997, and the minimum

daily return is �7.80% on 28th October 1997. The index is negatively skewed and highly

kurtotic.

The mood proxy variables are collected and calculated using a variety of approaches.

Table 1 gives the basic details on each of the mood proxy variables.

We obtained most of the weather data from the Irish national meteorological

organisation, Met Eireann, for Dublin Airport, the nearest point of observation to the

Irish Stock Exchange. Met Eireann provided us with daily data for cloud cover (CLOUD),

precipitation (RAIN), and humidity (HUMID).

The CLOUD variable varies between 0 and 8, with 0 representing zero cloud cover and

8 representing full cloud cover. The data are strongly skewed towards cloudy weather,

with 1691 days of the total 3059 days having cloud cover between 75% and 100%. Only

190 days have cloud cover between 0% and 25%. The RAIN variable reports precipitation

in millimetres. The average daily rainfall over the period is 2 mm, and it ranges between a

minimum of 0 mm (indicating no rain) and a maximum of 92.6 mm. The HUMID variable

measures relative humidity. This is the amount of water vapour in the air as a percentage of

the total amount of water vapour that the air can hold given its temperature. The average

value of this variable is 77%. It ranges between a minimum of 42% and a maximum of

100%.

http://www.ise.ie


Table 1

Data description

Variable Construction

ISEQ Local Difference of daily return on the ISEQ and on FT All-World Index,

calculated as ISEQ-FT All-World. The daily return is calculated as log(Rt/Rt�1)

Cloud Daily data provided by Met Eireann; varies between 1 (clear sky) and 8 (complete cover)

Precipitation Daily data provided by Met Eireann; millimetres of rain at Dublin Airport

Humidity Daily data provided by Met Eireann; percentage relative humidity

Geomagnetic

storms

Daily data on geomagnetic storm activity provided by the U.S. National Geophysical

Data Center. Varies between 0 and 246, value over 29 indicates a geomagnetic storm

Lunar phases Lunar phases data provided by lunaroutreach.org. Variable constructed according to

formula in Yuan et al. (2001) (see notes to Table 5 for details of construction)

SAD Measures fluctuations in hours of sunlight in day for the period between the Autumn Equinox

(September 21st) and the Spring Equinox (March 20th). Variable constructed according to

formula in Kamstra et al. (2003) (see notes to Table 4 for details of construction)

DSTC Dummy variable for Monday following Daylight Saving Time Changes

Friday 13th Dummy variable for any Friday 13th in the period
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Data on geomagnetic storms are collected following information in Krivelyova and

Robotti (2003). We obtained data from the National Geophysical Data Centre; this is a

division of the National Oceanic and Atmospheric Administration. These data can be

found at ftp://ftp.ngds.noaa.gov/stp/geomagnetic_data/indices/kp_ap/. We use the AP

Index, which gives daily geomagnetic storm data for locations at 448 to 608 Northern and

Southern latitudes. An index value above 29 indicates at least a mild geomagnetic storm,

hence, we confine our study to days with an index value above this level. Research cited

by Krivelyova and Robotti argues that the influence of geomagnetic storms on mood is

lagged. We follow their lead and construct a dummy variable that takes the value of 1 for

the 5th and 6th days following the AP Index being above 29.

For biorhythm variables, we broadly replicated the method used by the previous

researchers to aid comparability. Variables were calculated for daylight savings time

changes (DSTC) and Seasonal Affective Disorder (SAD).

For the full period under observation, daylight savings time changes (DSTC) occurred

in the last week of March at 2 a.m. on Sunday morning (clocks forward), and in the last

week in October at 2 a.m. on Sunday morning (clocks back). We constructed a dummy

variable, DSTC, taking a value of 1 on a Monday following a DSTC, and 0 otherwise. A

difficulty occurs in the Irish context because the last Monday in October is a public

holiday and the stock market is closed. Because of this, there are very few data points

where the stock market is open on the Monday following the October DSTC. We do not

test DSTCs against Tuesday returns, when the market is closed on Monday, as, following a

review of the relevant psychological literature (e.g., Coren, 1996; Monk, 1980), we do not

believe that the DSTC influence on mood will last until Tuesday.

The SAD variable is calculated based on a formula in Kamstra et al. (2003).4

This formula gives a measure of the reduction in the hours of sunlight in the day from the
4 See the notes to Table 4 for details on this formula.

ftp://ftp.ngds.noaa.gov/stp/geomagnetic_data/indices/kp_ap/
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Autumn Equinox on September 21st to the Winter Solstice on December 20th, and the

lengthening of the day after the Winter Solstice up to the Spring Equinox on March 20th.

We also collected data on two belief-based mood proxy variables: lunar phases and

Friday 13th. We collected data on lunar phases from www.lunaroutreach.org. This gave us

full moon dates. Based on these data and a formula in Yuan et al. (2001)5, we were able to

give a value to each day in our data set based on how close the day is to the full moon. A

second belief-based mood proxy variable is created based on the superstition surrounding

Friday the 13th. This dummy variable takes a value of 1 on Friday the 13th and 0

otherwise.
4. Empirical results and analysis

This section reports the findings from the tests of the relationship between the eight

mood proxy variables and the Irish equity returns. The main tests run are OLS regressions

with heteroskedasticity-robust White (1980) standard errors. To deal with the non-

normality in the data (which is evident from Table 2), we reanalyse the data under least

absolute deviation (LAD)6 and trimmed least squares (TLS)7 specifications. The findings

from both specifications are qualitatively the same as the OLS regressions. Given the

similarity between the LAD and TLS regressions, we only report the findings for the LAD

regressions.

4.1. Weather

We have data for four weather variables: cloud cover, humidity, rain, and geomagnetic

storms. With these data, we test whether negative weather is associated with below-

average equity returns and whether positive weather is associated with above-average

equity returns. Most weather variables are tested in a number of different specifications. A
5 See the notes to Table 5 for details on this formula.

7 Trimming was implemented by removing from the data set any data point that had a residual, from the OLS

regression, which was greater than three standard errors. Thirty-seven data points were removed in this manner.

Following trimming, skewness is now 0.01588, Kurtosis is 0.68962, and the Jarque–Bera statistic is 63.96. These

statistics indicate that the data distribution has become more normal. It is still not normally distributed, however.

Koenker (1982) indicates that this form of trimming is, asymptotically, the same as iterative requighted trimmed

least squares. Full details are available on request.

6 A detailed discussion of LAD regression is contained in Connolly (1989, Section IV), and it is also

discussed in Doan (2000, Section 5.7). The LAD method involves estimating the regression curve with the

absolute value of the residual term, rather than the squared residual, as is the case with OLS. An advantage of

the LAD method over TLS is that it does not simply remove dproblemT outlier data but instead tries to

incorporate outliers, without allowing them to dominate the model. In brief, if we consider the standard

equation y=bX+e, the LAD estimator is b̂¼ Minimizeb Rjy� bX j. This, however, is computationally complex.

The expression minRðc2 þ e bð Þ2Þ0:5 approaches LAD as cY0. This can be estimated with consistency using

Iterative Weighted Least Squares.

http://www.lunaroutreach.org


Table 2

ISEQLOCAL descriptors

ISEQLOCAL

Observations 14/Oct/1988–31/Dec/2000, 3059 observations

Sample mean 0.000122

Standard deviation 0.909608

Skewness �0.14338

Kurtosis 5.64754

Jarque–Bera Statistic 4075.72856*

* Significant at 5%.
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number of regressions are also run with combinations of weather variables. The results of

all the weather tests are contained in Table 3.

For cloud cover, we initially test for a simple linear relationship between cloud cover

and Irish equity returns. The cloud cover variable varies between 0 (zero percent cloud

cover) and 1 (100% cloud cover). We expect a negative relationship; that is, we expect

high levels of cloud cover to be associated with lower returns than do low levels of cloud

cover. However, we find instead that the coefficient is positive, but not significantly so. We

also test cloud cover by creating two dummy variables: CLOUD100, which equals 1 when

cloud cover is 100%, and CLOUDLESS25, which equals 1 when cloud cover is 25% or

less. CLOUD100 represents negative cloud cover, and CLOUDLESS25 represents

positive cloud cover. The regression finds that the coefficient of CLOUD100 is negative

as expected, and CLOUDLESS25 is positive as expected; however, neither of these

coefficients approaches significance.

With the rain variable, we initially run a simple regression that tests whether high levels

of rainfall are associated with lower returns than low or no rainfall. We find that there is a

negative and significant relationship between rain and equity returns. To further investigate

rain, we create a dummy variable, RAINHIGH, which takes a value of 1 if rainfall in a day

is above the average daily rainfall of 2 mm. A regression of this dummy variable finds a

negative but insignificant relationship with Irish equity returns.

For humidity, we hypothesise that greater humidity will be associated with lower

returns than low are levels of humidity. The regression of the humidity data instead finds a

positive relationship that is significant at the 10% level (for the LAD specification). This

unexpected finding is confirmed by testing two dummy variables that represent: (1) the

25% of days with the highest humidity (labelled HUMOVER86) and (2) the 25% of days

with the lowest humidity (labelled HUM42-69). A strong positive relationship is found for

the high-humidity day dummy, while an insignificant relationship is found for the low-

humidity day dummy.

The geomagnetic storm variable that equals 1 for the 5th and 6th days following a

geomagnetic storm reading of above 29 (indicating a mild storm or worse) is found to have

a negative but insignificant relationship with Irish equity returns. An unreported test of the

geomagnetic storm data that only included storm readings above 49 (indicating either a

major or a severe storm) was similarly insignificant.

A number of tests of combined weather are also run. The first combined weather study

simply includes the cloud cover, rain, humidity, and geomagnetic variables in a regression.



Table 3

Weather mood proxies

Variable Coefficient P-value (White Errs) P-value (LAD)

1 Constant 0.000083 0.88 0.86

CLOUD 0.000058 0.94 0.93

2 Constant 0.000154 0.39 0.33

CLOUD100 �0.000339 0.53 0.50

CLOUDLESS25 0.000059 0.92 0.91

3 Constant 0.000241 0.17 0.12

RAIN �0.000583 0.06 0.06

4 Constant 0.000183 0.33 0.27

RAINHIGH �0.000234 0.52 0.49

5 Constant �0.001514 0.15 0.10

HUMID 0.002126 0.12 0.08

6 Constant �0.000137 0.56 0.51

HUMOVER86 0.000989 0.02 0.01

HUM42-69 0.000096 0.80 0.78

7 Constant 0.000159 0.37 0.32

GEOMAG �0.000220 0.63 0.56

8 Constant �0.001936 0.08 0.05

CLOUD �0.000240 0.77 0.74

RAIN �0.000837 0.01 0.01

HUMID 0.003319 0.04 0.02

GEOMAG �0.000135 0.77 0.72

HOLIDAY 0.000147 0.92 0.89

MONDAY �0.000775 0.07 0.03

9 Constant 0.000115 0.64 0.59

GOODWEATHER 0.000510 0.57 0.61

BADWEATHER 0.000289 0.36 0.32

HOLIDAY 0.000098 0.95 0.93

MONDAY �0.000767 0.07 0.03

Regression equations

1. [rt=a1+a2CLOUDt+e t]. CLOUD varies between 0 (no cloud cover) and 1 (100% cloud cover).

2. [rt=a1+a2Dt
CLOUD100+a3Dt

CLOUDLESS25+et]. CLOUD100 is a dummy variable that equals 1 if cloud cover is

100. CLOUDLESS25 is a dummy variable that equals 1 if cloud cover is 25% or less.

3. [rt=a1+a2RAINt+et]. RAIN value based on millimetres of rain for day.

4. [rt=a1+a2Dt
RAINHIGH+et]. RAINHIGH is a dummy variable that equals 1 if rain is over the average daily

rainfall of 2 millimetres.

5. [rt=a1+a2HUMIDt+e t]. HUMID value based on percentage humidity for day.

6. [rt=a1+a2Dt
HUMOVER86+a3Dt

HUM42–69+e t]. HUMOVER86 is a dummy variable that equals 1 if relative

humidity is over 86%; this dummy variable contains (approximately) the 25% of days with the highest

humidity. HUM42–69 is a dummy variable that equals 1 if relative humidity is between 42% and 69%; this

dummy variable contains (approximately) the 25% of days with the lowest humidity.

7. [rt=a1+a2Dt
GEOMAG+et]. GEOMAG is a dummy variable that equals 1 if the preceding 5 or 6 days have a

geomagnetic storm reading of above 29 (signifying at least a mild storm).

8. [rt=a1+a2CLOUDt+a3RAINt+a4HUMIDt+a5Dt
GEOMAG+a6Dt

HOLIDAY+a7Dt
MONDAY+e t]. Tests the combined

importance of the variables tested in Eqs. (1), (3), (5), and (7) with control dummies for anomalous returns on

preholidays and Mondays.

9. [rt=a1+a2Dt
GOODWEATHER+a3Dt

BADWEATHER+et]. GOODWEATHER is a dummy variable that equals 1 if

cloud cover is less than 25% and humidity is not above 86%. BADWEATHER is a dummy variable that

equals 1 if cloud cover is 100% or rain is above the average of 2 mm or humidity is above 86%. Control

dummies are included for anomalous returns on preholidays and Mondays.
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This regression is run with control dummies for the anomalous returns around preholidays

and on Mondays.8 All the variables remain broadly the same as in the individual

regressions. Rain and humidity are still significant, and cloud cover and geomagnetic

storms are still insignificant, although the cloud cover coefficient now has the expected

negative sign.

A further test is run of the combined weather effect by creating two dummy variables:

GOODWEATHER and BADWEATHER. The GOODWEATHER dummy includes any

day with cloud cover less than 25%, provided that the humidity level is not above 86%.

The BADWEATHER dummy includes any day with cloud cover of 100, or where rain is

above the average rainfall of 2 mm, or where humidity is above 86%. These variables are

tested in a regression with control dummies for preholidays and Mondays. Neither weather

variable is found to be significantly related to equity returns; both coefficients are positive,

but insignificant.

4.2. Biorhythms

We test two biorhythm mood proxies: Seasonal Affective Disorder (SAD) and daylight

savings time changes (DSTC). The findings are reported in Table 4.

The SAD data is used to create two SAD variables. The first variable (labelled

SADINWIN) measures the shortening of the day between the Autumn Equinox and the

Winter Solstice. This is achieved by making the value of the SADINWIN variable equal to

the value of the SAD equation if the day is between the Autumn Equinox and the Winter

Solstice, otherwise, the value is made equal to 0. In a similar procedure, a second variable

(labelled SADOUTWIN) was created that measured the lengthening of the day after the

Winter Solstice up to the Spring Equinox. For the SADINWIN variable, we expect a

negative relationship with Irish equity returns, as the shortening of the day leads to

negative mood. The expected negative coefficient is found, but it is insignificant. For the

SADOUTWIN, variable we expect a positive relationship as the lengthening of the day

leads to positive mood. This positive relationship is found and is strongly significant.

The DSTC data are tested initially against all Irish equity returns and retested against

just equity returns on Mondays. The tests using all Irish equity returns show that the

relationship is strongly negative and significant at the 0.04% level for both the ordinary

OLS and the LAD regression. The test against just Monday returns once again finds that

the relationship is strongly negative and is significant at less than 1% for the ordinary OLS

regression and at the 7% level for the LAD regression.

4.3. Belief

We test two belief-based mood proxy variables: lunar phases and Friday 13th. All

findings of these tests are reported in Table 5.

The lunar phases data are tested in two approaches. In the first approach, a variable is

created in which every day is given a value based on how close it is to a full moon. The
8 Running the regression without the preholiday and Monday control dummies did not qualitatively alter the

findings.



Table 4

Biorhythm mood proxies

Variable Coefficient P-value (White Errs) P-value (LAD)

10 Constant �0.000124 0.49 0.43

SADOUTWIN 0.000363 0.01 0.01

11 Constant 0.000178 0.34 0.27

SADINWIN �0.000076 0.49 0.44

12 Constant 0.000140 0.40 0.33

DSTC �0.005167 0.04 0.04

13 Constant �0.000418 0.24 0.19

DSTCMON �0.004610 0.00 0.07

Regression equations

10. [rt=a1+a2SADOUTWINt+et]. SADOUTWIN is a variable that equals the SAD variable (see below) if the

day is between the Winter Solstice (December 20th) and the Spring Equinox (March 20th).

The SAD variable is calculated as:

24� 7:72� arcos � tan
2pd
360

�
tan kð Þ

� ��

where d represents the latitude north of the location from the equator (Dublin is 53.38 north), and k
represents the sun’s declination angle, the angle between the sun’s rays and the earth’s surface on any

given day throughout the year. k is calculated as:

0:4102� sin
2p
365

�
julian� 80:25ð Þ

� ��

where julian stands for the number of the day in the year, numbered from 1 to 365. These calculations give

a figure for the number of hours of night for each day. This figure is subtracted from 12 to give the

deviation from the dnormalT number of hours in the night.

11. [rt=a1+a2SADINWINt+e t]. SADINWIN is a variable that equals the SAD variable if the day is between

the Autumn Equinox (September 21st) and the Winter Solstice (December 20th).

12. [rt=a1+a2Dt
DSTC+e t]. DSTC is a dummy variable that equals 1 if the day is a Monday following a

Daylight Savings Time Change.

13. [rt
MON=a1+a2Dt

DSTCMON+et]. This regression tests the DSTC variable only against Monday returns.
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previous lunar phases research found a negative relationship between proximity to the full

moon and equity returns, thus, we expect this relationship. However, we instead find a

positive but insignificant relationship. In a second test, we create two dummy variables:

LUNFULL6 takes a value of 1 if the day is a full moon day or is within three calendar days of

a full moon, LUNNEW6 takes a value of 1 if the day is a new moon day or is within three

calendar days of a new moon. The regression of the two dummy variables finds that

LUNFULL6 has a negative but insignificant coefficient, while LUNNEW6 has a negative

coefficient that is significant at the 1% level.

An interaction effect is also tested between lunar phases and cloud cover.9 Some

psychology literature suggests that the influence of the moon on mood may be due, in part,

to the disrupting effect of the light emitted from a full moon on sleep (e.g., Katzeff, 1990).

We test this by isolating days where there is a full moon within three calendar days
9 We are grateful to an anonymous referee for suggesting this avenue of investigation.



Table 5

Belief mood proxies

Variable Coefficient P-value (White Errs) P-value (LAD)

14 Constant 0.000122 0.46 0.40

LUNAR 0.000028 0.91 0.90

15 Constant 0.000485 0.04 0.02

LUNFULL6 �0.000448 0.30 0.23

LUNNEW6 �0.001110 0.01 0.01

16 Constant 0.000932 0.29 0.35

CLOUDLESS37.5atLUNFULL6 �0.002655 0.03 0.03

CLOUDMORE62.5atLUNFULL6 �0.000670 0.50 0.53

17 Constant 0.000131 0.43 0.37

FRIDAY13 �0.001418 0.50 0.39

Regression equations

14. [rt=a1+a2LUNARt+e t]. LUNAR is a variable that varies between 1 (full moon) and �1 (new moon).

Each day has a value based on how close it is to a full moon. The formula used to calculate this is:

cosine
2pd
29:53

��

where d is the number of days since the previous full moon.

15. [rt=a1+a2Dt
LUNFULL6+a3Dt

LUNNEW6+e t]. LUNFULL6 is a dummy variable that takes a value of 1 if the

day is either a full moon day or within three calendar days (before or after) of a full moon. LUNNEW6 is a

dummy variable that takes a value of 1 if the day is either a new moon day or within 3 days (before or

after) of a new moon.

16. [rt
LUNFULL6=a1+a2Dt

CLOUDLESS37.5+a3Dt
CLOUDMORE62.5+e t]. CLOUDLESS37.5 is a dummy variable that

equals 1 if cloud cover is between 0% and 37.5%, representing low cloud cover. CLOUDMORE62.5 is a

dummy variable that equals 1 if cloud cover is between 62.5% and 100%, representing high cloud cover.

17. [rt=a1+a2Dt
FRIDAY13+e t]. FRIDAY13 is a dummy variable that takes a value of 1 if the day is Friday the 13th.
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(LUNFULL6) and testing for a relationship with cloud cover. We test whether returns on

LUNFULL6 days are different for days with low cloud cover (0–37.5%) and days with

high cloud cover (62.5–100%). The hypothesis is that low cloud cover LUNFULL6 days

will be associated with low returns due to the full effect of the moonlight; whereas high

cloud cover LUNFULL6 days will be associated with neutral returns, as the high cloud

cover shades the brightness of the moon. This hypothesis is confirmed. LUNFULL6 days

with less than 37.5% cloud cover are significantly negative, while LUNFULL6 days with

high cloud cover are insignificantly related to returns.

The Friday 13th dummy is expected to be negatively associated with equity returns

given the negative superstition surrounding the day. Our regression finds that the day is

negatively related to equity returns but the relationship is insignificant.

4.4. Overall

We ran a number of tests of the power of each mood proxy variable in the presence of all

the other mood proxy variables. Two main overall tests are run. These tests differ according

to the specification of the weather variables. The first test includes cloud, rain, and humidity

separately, while the second test uses the GOODWEATHER and BADWEATHER dummy
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variables in place of the individual weather measures. Both tests include control dummies for

Monday and preholidays.

The findings from these regressions are reported in Table 6. The regressions show that

the rain, SADOUTWIN, and DSTC variables remain significant at the 10% level. The

Monday variable is also significant at the 10% level.

4.5. Mood and market performance

Some psychological evidence suggests that people in a good mood tend to be less

critical in their information processing; for example, they can allow irrelevant arguments

to partially influence their decision making (e.g., Mackie & Worth, 1991; Schwarz, 1990;

Schwarz & Bless, 1991). Based on this research, it is possible to hypothesise that investors

are more susceptible to influence from mood proxy variables when they are in a good

mood.
Table 6

Overall mood proxies

Variable Coefficient P-value (White Errs) P-value (LAD)

18 Constant �0.001468 0.22 0.16

CLOUD �0.000112 0.90 0.88

RAIN �0.000797 0.02 0.01

HUMID 0.002381 0.19 0.13

GEOMAG �0.000077 0.87 0.84

SADOUTWIN 0.000303 0.04 0.02

SADINWIN �0.000048 0.71 0.68

DSTC �0.004294 0.09 0.09

LUNAR 0.000030 0.90 0.89

FRIDAY13 �0.001667 0.42 0.30

HOLIDAY �0.000103 0.95 0.92

MONDAY �0.000714 0.10 0.05

19 Constant �0.000151 0.62 0.55

GOODWEATHER 0.000737 0.42 0.46

BADWEATHER 0.000350 0.27 0.23

GEOMAG �0.000109 0.81 0.77

SADOUTWIN 0.000377 0.01 0.01

SADINWIN 0.000017 0.89 0.87

DSTC �0.004346 0.09 0.09

LUNAR 0.000031 0.90 0.88

FRIDAY13 �0.001552 0.46 0.34

HOLIDAY �0.000177 0.90 0.86

MONDAY �0.000702 0.10 0.05

Regression equations

18. r t=a1+a2CLOUD t+a3RAIN t+a4HUMID t+a5Dt
GEOMAG+a6SADOUTWIN t+ a7SADINWIN t+

a8Dt
DSTC+a9LUNARt+a10Dt

FRIDAY13+a11Dt
HOLIDAY+a12 Dt

MONDAY+e t.

19. r t=a1+a2Dt
GOODWEATHER+a3Dt

BADWEATHER+a4Dt
GEOMAG+a5SADOUTWINt+ a6SADINWINt+

a7Dt
DSTC+a8LUNARt+a9Dt

FRIDAY13+a10Dt
HOLIDAY+a11 Dt

MONDAY+e t.



Table 7

Overall mood proxies and moving averages (MA)

Variable Coefficient P-value (White Errs) P-value (LAD)

10-day MA lower than 200-day MA

20 Constant �0.002212 0.18 0.10

CLOUD �0.000210 0.85 0.82

RAIN �0.000409 0.32 0.27

HUMID 0.000833 0.73 0.69

GEOMAG 0.000304 0.57 0.52

SADOUTWIN 0.000001 1.00 1.00

SADINWIN �0.000047 0.78 0.74

DSTC �0.002198 0.60 0.54

LUNAR �0.000033 0.92 0.90

FRIDAY13 �0.002033 0.16 0.17

HOLIDAY �0.001527 0.32 0.27

MONDAY �0.000522 0.37 0.27

10-day MA higher than 200-day MA

21 Constant �0.000202 0.91 0.90

CLOUD 0.000070 0.95 0.95

RAIN �0.000851 0.08 0.12

HUMID 0.003351 0.22 0.16

GEOMAG �0.000422 0.52 0.48

SADOUTWIN 0.000233 0.20 0.17

SADINWIN �0.000032 0.86 0.86

DSTC �0.006237 0.03 0.08

LUNAR 0.000240 0.43 0.41

FRIDAY13 �0.001653 0.64 0.50

HOLIDAY 0.002618 0.23 0.08

MONDAY �0.000955 0.11 0.06
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To test this hypothesis, we investigate whether mood fluctuations in in-

vestors induced by the performance of the equity market affect the sig-

nificance of the mood proxy variables.10 We create a technical indicator variable

based on long-run (200-day) and short-run (10-day) moving averages. Investors are

hypothesised to be in a good mood if the short-run moving average is above the long-run

moving average.

Based on the moving average variable, we divide the data set approximately in half,

with 1540 days, where the 10-day moving average is below the 200-day moving

average, and 1519 days, where the 10-day moving average is higher. We then ran a

regression of all mood proxy variables for each of these data sets. The results are

reported in Table 7. Only in the data set where the short-run average is above the

long-run average are any mood variables significant. This is when investors are

hypothesised to be in a good mood, as the recent returns are above the long-run

average. In this data set, rain, DSTC, and Monday are significant at the 10% level (for

the OLS regression).
10 We are grateful to an anonymous referee for suggesting this avenue of investigation.
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4.6. Analysis

Of the weather variables, only rainfall is consistently important. According to Saunders

(1993), 85% of rain occurs on days with 100% cloud cover. Perhaps, previous findings of a

relationship between cloud cover and stock returns were reliant on cloud cover proxying for

a rain variable. Humidity appears to have, if anything, a positive relationship with equity

returns. This is contrary to the psychological literature. However, the finding might be due to

the nonextreme nature of Irish weather. Humidity only affects mood at temperature

extremes. It would be interesting to investigate whether humidity is of importance in equity

markets situated in climates with temperature extremes. However, a study of humidity in

such a market, the Spanish market, by Pardo and Valor (2003) did not find a significant

effect.

The variables that combined the individual weather measures to create an overall

variable indicating whether the weather for a day is positive or negative were found not to

have a significant relationship with equity returns. However, this attempt to create a

holistic measure of daily weather seems logical, and it has not been attempted in previous

research. Further research could attempt to refine the measure.

Of the biorhythm variables, DSTC and the SAD effect between the Winter Solstice and

the Spring Equinox are consistently significant, and the coefficient signs are in the

predicted direction. The SADINWIN variable, which measures the decrease in the length

of the day between the Autumn Equinox and the Winter Solstice, never approaches

significance. This finding is surprising, as the main focus of the psychology literature is on

the negative mood effect of the period between the Autumn Equinox and the Winter

Solstice. The DSTC effect remains significant, even after controlling for outliers, thus,

contrary to an argument in Pinegar (2002), the effect does not appear to be driven by

outliers.

The interaction effect between lunar phases and cloud cover is interesting. The finding

that returns on days around a full moon are significantly negative only when cloud cover is

not blocking the brightness of the full moon is new and seems worthy of further

investigation.

The finding that the mood proxy variables are only significant when the market is above

its long-run moving average is interesting. As we tested only one technical indicator, it is

too early to make strong assessments, but the hypothesis that investors are more influenced

by irrelevant mood states when they are in a positive mood is worthy of further research, as

it is supported by significant psychological and decision-making research.
5. Conclusion

This paper finds that irrelevant mood states, such as mood states caused by the weather,

biorhythms, and belief-based factors, do appear to have affected the pricing of Irish

equities. Specifically, we find a statistical relationship between Irish equity returns and

rain, daylight savings time changes, the seasonal fluctuation in mood between the Winter

Solstice and the Spring Equinox, and lunar phases (provided that there is control for cloud

cover levels).
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We also find preliminary support for a hypothesis that irrelevant mood states primarily

influence the investor when the investor is in a positive mood. This hypothesis is

supported by psychological research showing that people in a positive mood are more

susceptible in their decision making to the influence of irrelevant factors (e.g., Mackie &

Worth, 1991). Further research could investigate this hypothesis further.

Our understanding of investor mood also requires further knowledge about how mood

affects the decision making of individual investors. An investigation of the determinants

may have to be approached through qualitative study, such as case studies (in-depth

studies of behaviour of small groups of investors) and/or laboratory experiments

(manipulating subject’s mood in laboratory setting and testing investment decision-

making skills in this environment). Lo and Repin (2001) attempt to do this by measuring

the physiological symptoms of trader’s emotions and then comparing these readings with

their trading activity. Also, Goetzmann and Zhu (2003) use a database of individual

investor’s trading accounts to investigate whether the weather influences the trading

patterns of these investors.

Ultimately, knowing how individual investors are influenced by mood will enable us to

educate investors to become aware of, and hopefully overcome, the biases in their

investment decision making caused by being influenced by mood. This has started to

happen in other areas of behavioural finance. For example, Kahneman and Riepe (1998)

attempt to educate investors to overcome the biases in their investment decision making

caused by adopting boundedly rational heuristics.
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