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The Effect of Seasonal Depression on Stock
Market Returns*

Virdg Kégl® — Déra Gréta Petrdczy

The study analyses the statistical relationship between the degree of seasonal
depression and stock index returns. For this analysis, we examine the daily returns
of two US and five European stock indices using OLS regression. The analysis found
a statistically significant relationship between seasonal depression and the change
in returns. However, due to the limited use of the reduced form, this only confirms
the link between seasonal depression and returns, and further observations would
be required to confirm a causal relationship.
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1. Introduction

Our study focuses on a subset of behavioural finance, namely, seasonality and
investor sentiment, and the impact of the latter on stock markets. Relying on applied
psychology, behavioural finance takes a new and previously overlooked perspective
from classical finance, and is able to draw conclusions from certain cognitive biases
that can explain specific financial and economic anomalies and phenomena better
than classical financial models.

Price analyses of different financial markets may serve both explanatory and
predictive purposes. The seasonal depression examined in this study is presumed
to reduce the risk-taking propensity of investors. Kamstra et al. (2003) attempt to
show this effect by analysing the returns on stock indices. On the one hand, this also
has explanatory power, as the authors seek to provide information on part of the
variation in stock market returns. In addition, if the effect of seasonal depression
does have a statistically detectable impact on stock market returns, taking into
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consideration the degree of seasonal depression may become part of a successful
trading strategy for specific stock exchanges.

The relevance of the topic stems from several factors. While providing an academic
narrative accepted by the finance literature, behavioural finance still has many
unexplored areas. Part of this is a series of studies on investor sentiment and
mood, as well as on different seasonal effects. In their paper, Kamstra et al. (2003)
identified several studies that derived seasonal depression in the same way, from
the length of nights; it is therefore worth examining in detail the methodology and
theoretical considerations applied by the authors.

The link between climate change and public sentiment as well as stock markets
underlines the relevance of our research. Warming weather increases the risk of
mental health problems and depression (Palinkas — Wong 2020). Peillex et al. (2021),
for example, found that heat waves reduced trading volume on the Paris stock
exchange significantly by 4-10 per cent, and Lanfear et al. (2019) pointed out a link
between extreme weather events and market anomalies.

The purpose of this study is twofold: it is intended (1) to examine methodological
considerations, and (2) to be a partial reproduction with some methodological
changes. In the reproduction, the original regression model is adjusted in accordance
with various causal aspects, and among the selected stock indices, a special focus
is placed on the Central European market through the returns of the Czech and
Polish stock exchanges. Regardless of the causal deficiencies of the original study,
it is reasonable to assume that the results of this paper will take values that are
approaching those of that study and will be statistically significant.

The analysis of the risk-reducing effect of the Seasonal Affective Disorder (SAD) —
i.e. seasonal depression — and the reproduction of Kamstra et al. (2003) on some
level remains an exciting area of research. More recently, Skrinjari¢ (2018) examined
eleven countries in Central and South East Europe, and found that Croatia, Hungary,
Romania, Serbia, Slovakia and Ukraine exhibited significant SAD effects. Skrinjaric et
al. (2021) focused specifically on the Croatian stock market, while Skrinjari¢ (2022)
constructed a profitable trading strategy based on seasonal depression.

In three out of the seven stock markets examined here (NASDAQ, FTSE 10, DAX),
we obtained significant results pointing to the impact of SAD on the stock markets.

In Section 2 we present the literature on behavioural finance. Section 3 then details
the method of Kamstra et al. (2003) and the conditions for using the instrumental
variable. Section 4 includes the stock indices selected for analysis and the causal
map that underpins the analysis presented in the study, which clarifies the control
and explanatory variables required for the OLS regression applied in the analysis.
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Finally, the results obtained are compared with those of the original study. We
conclude our study with a summary.

2. Literature review

As a result of the approach and toolkit of behavioural finance, the literature has
developed a new, methodologically sound perspective on the impact of emotions
in various decision-making situations, demonstrating, for example, how empirical
analysis is able to show a relationship between sentiment and stock market volatility
or risk-taking propensity. Research in the field of behavioural finance suggests that
emotions and mood, as well as certain human cognitive characteristics, can be
considered as informative variables in financial analysis (see, for example, Tversky
— Kahnemann 1974; Johnson — Tversky 1983; De Bondt — Thaler 1985; Thaler 1999;
Barberis — Thaler 2003; Barberis 2013).

The relevance of the topic is demonstrated by the fact that the number of investor
sentiment surveys more than doubled between 2016 and 2020 compared to the
previous five-year period. The research of Kamstra et al. (2003) belongs to the
early part of the literature linking seasonality and emotions to financial market
movements. Subsequently, Dowling — Lucey (2008) and Joéts (2012), for example,
also relied on their study, as suggested in the literature review by Goodell et al.
(2023). Hungarian literature is also linked to the research on behavioural finance,
for example, via articles by Golovics (2015) or Neszveda (2018), where the field
of behavioural finance is outlined in the light of Thaler’s work, introducing key
concepts of behavioural finance.

2.1. The role of sentiment and emotions in investor decision-making

In the following, we briefly review the theoretical framework of behavioural finance,
including studies on seasonal effects on financial market returns and the literature
on individual investor emotions and sentiment. Investor and consumer sentiment
and the influence of such on their decisions is a crucial issue. This notwithstanding,
some research directions have yet to receive sufficient attention, despite the fact
that the results of the articles written on the subject are not always consistent with
each other. This suggests that the exact methodology for the analysis of this issue
has yet to be developed (Goodell et al. 2023).

2.1.1. Behavioural finance

Modern financial models are based on economic models whose dominant paradigm
is neoclassical economics. The main assumptions of neoclassical economics are that
individuals and firms are self-interested and try to optimise limited resources to the
best of their ability. People have rational preferences between possible outcomes
or states of nature. Preferences are described by utility functions (see, for example,
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Fama 1970; Markowitz 1952; Miller — Modigliani 1961). Obviously, even scholars
who rely on modern financial theories based on neoclassical economic models
do not consider human behaviour and decision-making to be perfectly rational
(Thaler 1999); however, these financial models have proved inadequate, overall, to
explain certain market phenomena correctly. The behavioural finance narrative has
criticised modern financial theories since the 1970s (Tversky — Kahnemann 1974).

Behavioural finance combines psychological and financial insights. Based on De
Bondt — Thaler (1985) and Barberis — Thaler (2003), we can detect systematic biases
and better understand financial market movements by assuming a specific form of
irrationality using experimental results from cognitive psychology. As pointed out by
Barberis — Thaler (2003), our understanding of bounded rationality is largely due to
the work of cognitive psychologists such as the already cited Tversky — Kahneman
(1974). Thanks to their initial work and the work of other researchers, the field of
behavioural finance has produced concrete empirical results. Building on this, it is
possible to catalogue the systematic set of biases and beliefs on the basis of which
people form expectations and make decisions.

There have also been publications in Hungarian on behavioural finance and capital
market anomalies. Molndr (2006) provides a comprehensive summary of the
criticisms of the efficient markets theory. Among seasonalities, the author mentions
the January and weekend effects, and among the value-based anomalies, the P/E
and small company effects, as well as the Value Line Investment Survey puzzle,
where investments included in the investment advisor’s newsletter realise unusually
high, abnormal returns.

In their empirical research on the most liquid, large cap stocks on the Budapest
Stock Exchange, Nagy — Ulbert (2007) analysed irrational decision inconsistencies
in addition to the aforementioned seasonal and value-based anomalies. Examining
the dataset between 1996 and 2007, they found that the reversal phenomenon
identified by De Bondt — Thaler (1985) also held true for the BSE, i.e. stocks that
performed well (poorly) in the past became the poorly (well) performing stocks in
the period that followed. In a similar study, Naffa (2009) pointed out that investors
were willing to forgo part of their expected return in exchange for investments that
are more resilient to market turmoil.

The reversal phenomenon on the BSE was studied by Lakatos (2016), as well.
The author identified the reversal phenomenon in a larger database from 1996
to 2015; however, he found that the phenomenon disappeared towards the end
of the period. Fémétér et al. (2017) summarised the factors limiting consumer
rationality in loan contracts. Kutasi et al. (2018) investigated factors determining
the behavioural biases of retail investors in Hungarian government bonds.
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2.1.2. The role of sentiment and emotions in investor decision-making

A subset of the phenomenon of bounded rationality used in behavioural finance is
the observation of the role of emotions in the decision-making of investors. Drawing
on the literature, we find that emotions influence both the perception of future
prospects; see Johnson — Tversky (1983) and Arkes et al. (1988), and the assessment
of risks, as pointed out by Loewenstein et al. (2001) and Slovic et al. (2004).

Several studies have demonstrated the impact of positive and negative emotions
on investors’ decision-making: positive (negative) emotions motivate (demotivate)
investors’ risk-taking (see, for example, Kuhnen — Knutson 2011). Following the
outbreak of the Covid-19 pandemic, several researchers observed a significant
relationship between the emotional effects of Covid-19 and financial market
movements. Subramaniam — Chakraborty (2021) analysed the correlation
between fear of the pandemic and exchange rates. According to Chundakkadan
— Nedumparambil (2022), this emotional effect is directly related to the volatility
observed in financial markets.

Hirshleifer — Shumway (2003) found a high correlation between sunshine and the
returns on stock indices, which is inconsistent with the notion of rational investors.
Cao — Wei (2005) detected an inverse relationship between temperature and
returns, with yields being lower on very hot days. According to research by Shanaev
et al. (2022), there is a consistent and irrational optimism in investor behaviour
around Groundhog Day in the USA.

Building on the work of Kamstra et al. (2003), studies by Dowling — Lucey (2008)
and Joéts (2012) identified a significant relationship between seasonal depression
and stock market price movements.

Jacobsen — Marquering (2008) partially refuted the findings of Kamstra et al. (2003)
and Cao — Wei (2005). Although they reviewed a longer period and worked with
monthly rather than daily data, they were able to reproduce the findings of both
studies, but pointed out that it was difficult to single out possible explanations.
According to their results, there is no evidence that SAD, higher temperatures or
the old market adage ‘Sell in May and go away’ are the reasons for lower returns
in summer. It was pointed out that the proximity of a country to the equator does
not affect the phenomenon, and a simple winter/summer dummy has better
explanatory power than SAD or temperature.

In their response, Kamstra et al. (2009) were only partially able to reproduce
the results of Jacobsen — Marquering (2008). In the authors’ view, they used
inappropriate data and it was a mistake to include countries where the length of
days and nights does not vary, or where it is not the intensity of seasonal depression
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in an investor’s life that matters, but the number of new people who reallocate their
portfolio because of the onset of depression. However, Jacobsen — Marquering
(2009) argued in their response that Kamstra et al.’s (2009) justification for omitting
certain countries was arbitrary and that if the full picture were examined, it would
not be clear whether SAD or other seasonality was causing the rise in returns.

Kelly — Meschke (2010) contested the study of Kamstra et al. (2003) mainly from the
perspective of psychological impact. The length of the nights used in the original
article varies, and it does not show a strong correlation with the actual seasonal
depression experienced, i.e. the months when the nights are longest were not the
months when people felt the worst. The variable applied by Kamstra et al. (2003)
was, in this case, split into two separate periods, autumn and winter SAD. After re-
running the analysis they found that only the winter effect holds and accordingly,
the authors believe that the original SAD variable measures the ‘turn of the year’
effect instead. Responding to the criticism, Kamstra et al. (2012) stressed that the
original model also included a dummy variable for the end of the tax year. They re-
ran their models on more sophisticated panel and time-series models, with seasonal
depression measured on actual clinical data. Their results further confirmed the
original article.

Although the original article has been broadly criticised, recent research appears
to support their original findings. Ruan et al. (2018) found that SAD was the
Granger cause of the higher returns on the Chinese stock market. Skrinjaric¢ (2022)
constructed a successful trading strategy on the Zagreb Stock Exchange based on
this phenomenon.

Goodell et al. (2023) emphasise in their literature review that although the impact
of emotions on financial markets is an extensively researched topic, there is a gap
in the literature in some respects: it is not clear which emotions will be important
for decision-making, nor in what context they occur. In addition, investors may react
consciously to certain financial market phenomena: for example, according to some
research, the calendar effect (a fall in stock prices in December followed by a rise
in January, or lower returns at the beginning of the trading week) is priced in on
the market, and emotions have less influence on the decision-making processes of
sophisticated investors (Duxbury et al. 2020).

2.2. Seasonal depression and risk-taking propensity

The relationship between different weather factors and investor decision-making
has been the subject of psychological research for decades (Goodell et al. 2023).
In a study by Kamstra et al. (2003), the length of nights is used as an explanatory
variable to measure seasonal depression and, through that, the variation in financial
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market returns. In the following, we present the above study and its findings,
including the validity of the methodology.

Research in experimental psychology has shown a direct link between depression
and higher-than-average risk aversion (Zuckerman 1984, 2007). Seasonal depression
is classified as a specific type of clinical depression by Leonhardt et al. (1994), i.e. the
decline detected by Zuckerman (1984, 2007) in risk-taking propensity is presumed
to apply to people with seasonal depression as well. Depression is a mental
illness associated with disturbed levels of serotonin in the brain, and studies have
shown depressive changes in certain brain areas when the body is exposed to less
sunlight (Cohen et al. 1992). According to a study by Kamstra et al. (2003), seasonal
depression may affect about one tenth of the population.

The results of the experiments conducted by Zuckerman (1984) using the Sensation
Seeking Scale developed by the author can be applied to financial decision-making
based on Kamstra et al. (2003). Experiments using the Sensation Seeking Scale
find that people with depressive or anxiety disorders have a significantly lower-
than-average risk-taking propensity, and the severity of the disorders is directly
proportional to the degree of risk aversion (Kamstra et al. 2003).

2.2.1. A possible measure of the effect of seasonal depression

Drawing on research on behavioural finance, in their study, Kamstra et al. (2003)
attempted to explore seasonal depression as a prolonged altered emotional state
and its impact on the financial market. In their research, they estimated the value of
the SAD; variable based on the length of nights, as subsequently was done by Joéts
(2012) and Dowling — Lucey (2008). Both studies found that the model constructed
using SAD;, performed the best relative to the use of all sentiment variables.

Kamstra et al. (2003) used the length of nights and daily returns as a starting point
for the stock indices reviewed by them. In order to properly measure the impact
of seasonal depression, the summer months were taken into consideration for
stock markets in the Southern Hemisphere. In their study, the authors selected
stock market indices from twelve countries for further analysis. The selection took
into account the different geographical locations, both in terms of latitude and
Northern and Southern Hemispheres. According to the authors, the selected indices
are diversified geographically and include stocks with high market capitalisation.

Kamstra et al. (2003) applied a first-order autoregressive (AR(1)) model and included
several different non-time series variables. For the purposes of the analysis, the
most important variable among those was SAD,, calculated by the authors to
capture the level of seasonal depression.
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The SAD; variable was calculated as the length of night normalised by 12 hours.
Only two values are needed to determine the length of night: the latitude of the
location (o) and the day of the year (julian,). Spherical trigonometry formulae can
then be used to first determine the sun’s declination angle (A;), using formula (1).

2
X = 04102 - sin [% (ulian, — 80.25)] (1)

H, = 24 — 7.72 - arccos [ tan( tan(At)] (2)

365)

Using A;, the time between sunset and sunrise at a given latitude for a given trading
day, i.e. the length of the night, can be obtained from H,. In addition to formula
(2) for the Northern Hemisphere, an H, value was also calculated for the Southern
Hemisphere, where the second half of the formula is not subtracted from 24. The
next step after the calculation of the given H; is normalisation by 12, which produces
the SAD; variable calculated by Kamstra et al. (2003):

SAD, = {Ht — 12: for trading days in winter and autumn

0: otherwise

(3)

In addition to SAD,, the authors relied on additional binary variables: D{, which
controls for asymmetry between autumn and winter, the binary variables D}, which
pertains to the effect of Mondays, and D, which pertains to sales for the purpose
of tax cuts; moreover, they controlled for weather-related variables on specific
trading days: precipitation (If), cloud cover(I¢) and temperature (I).

Accordingly, the regression model presented in the study by Kamstra et al. (2003)
applies the following variables: the SAD; variable, which is estimated from the
length of nights, the lagged variable of stock index returns, i.e. p;r;_;, as well as
the three D, binary variables and the weather-related /; variable. The variables take
their values according to the geographic location of the twelve stock exchanges
reviewed by the authors.

7. = SAD; + py1e_1 + DM + DA+ DI +If +IE+ 1] + €, (4)

Next, the authors ran regression (4) for each of the twelve index countries selected
in their paper. Their results show that the coefficients of the SAD, variable and
the lagged variable are significant for most indices, and for several indices the
coefficients of the binary variables are significant, while the weather-related
coefficients are typically not. To calculate the seasonal depression returns of the
respective indices, Kamstra et al. (2003) assigned a SAD value to each trading day.
The value of SAD; is obtained by multiplying the coefficient of the SAD; variable
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from the regression (4) with the SAD; variable itself calculated from the length of
nights, and averaging it over the year, i.e. assigning a value to each index to reflect
the return from seasonal depression. This average annualised return is positive in
all countries, ranging from 5.7 to 17.5 per cent, and significant for all indices except
for the Australian stock market. Furthermore, it can be stated that countries closer
to the equator tend to have a lower average value, with less significant returns
attributed to seasonal depression than countries further away from the equator.

From the above, Kamstra et al. (2003) conclude that the pattern associated with
seasonal depression is reflected in the returns on the stock indices under review as
expected by the authors. In other words, due to the effect of seasonal depression,
risk-averse investors are more likely to avoid risky assets in autumn on average and
more likely to invest in riskier assets in winter on average, resulting in lower-than-
average stock index returns in autumn and higher-than-average returns after the
longest night of the year. It can also be observed that there is a correlation between
the significance and magnitude of the effect of seasonal depression and the latitude
of the stock exchange. Countries at higher latitudes (where the seasonal variation
in the length of nights and days is more extreme) have higher returns and the SAD
value is explanatory at a higher significance level on average (Kamstra et al. 2003).

2.2.2. The instrumental variable and its conditions of use

Although not discussed specifically in Kamstra et al. (2003), the methodology
they apply corresponds to the use of the instrumental variable’s reduced form.
The instrumental variable is used for the construction of models in cases where
the exogeneity condition for the OLS regression is violated due to an unobserved
confounding variable that is not causally related, i.e. there is no independence
between the error term and the explanatory variable (Pearl — Mackenzie 2018).
An instrumental variable is a variable for which the conditions shown in Figure
1 pertain: (1) the instrumental variable has an effect on the explanatory variable
(there is a high correlation between the two, possibly a causal relationship based
on specialised knowledge); (2) the instrumental variable has an effect on the
dependent variable only indirectly through the explanatory variable; and (3) there
is no unobserved confounding variable between the instrumental variable and
the dependent variable (Pearl — Mackenzie 2018). Accordingly, in Figure 1, the
existence of the relationships marked in black and the exclusion of the existence
of the relationships marked in red describe, in a simple manner, the fulfilment of
the instrumental variable’s conditions of use.
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Figure 1
Causal map with instrumental variable

Instrumental variable > Dependent variable

Explanatory variables

A

Omitted variables

Source: Based on Pearl — Mackenzie (2018)

If an instrumental variable satisfying the conditions shown in Figure 1 is available
in an analysis, a causal relationship between two variables can be estimated using
the two-stage least squares method. In order to do this, we first need to estimate
the biased explanatory variable of our hypothesis using the instrumental variable
in an OLS regression where the explanatory variable is explained by the inclusion
of the instrumental variable, as we assume that the instrumental variable gives
a more accurate value for the original explanatory variable. The resulting estimated
coefficients are then substituted into the original model in place of the original
explanatory variable to run the second OLS regression, which no longer violates the
exogeneity assumption and captures a causal relationship (Pearl — Mackenzie 2018).

However, in their paper Kamstra et al. (2003) do not use a two-stage least squares
method to estimate the effect of seasonal depression on returns; instead, they
apply a reduced form as they estimate the returns on stock indices directly from
the instrumental variable (SAD,). The reduced form of the model that includes the
instrumental variable can be used primarily as a model diagnostic tool to test the
relevance of the use of the instrumental variable (Pesaran — Taylor 1999).
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3. Measuring the effect of seasonal depression

3.1. Data applied in the analysis

As the research of Kamstra et al. (2003) is an important part of the literature and
investigates an easy-to-describe cognitive bias, it is worth examining in more detail.
Moreover, as Goodell et al. (2023) pointed out, articles focusing on Europe account
for roughly 12 per cent of all studies on investor sentiment and finance; therefore,
later in our paper we will examine the way in which the explanatory power of
seasonal depression can be applied to the European financial market in particular.

Our analysis is focused on the stock market indices of seven countries. These include
the stock indices applied by Kamstra et al. (2003) and two indices from the Central
European markets, namely, the Polish WIG and the Czech PX stock indices. For the
latter two countries, Skrinjari¢ (2018) found no significant relationship between
SAD and returns.

For the selection, we considered the volume of trading on the specific stock
exchange and its location; consequently, a total of two US and five European stock
indices are included in the analysis. All indices are weighted by capital value. The US
indices are included in the analysis in order to verify the effect described by Kamstra
et al. (2003) in a reproduction attempt, and the rest of the indices are used to
examine the effect of seasonal depression in Europe, in particular in Central Europe.

Table 1 summarises the cities and corresponding latitudes for the selected indices.
Latitudes were taken from the simplemaps database,! and values are rounded up as
in the case of Kamstra et al. (2003). Daily returns for each index were obtained using
the quantmod package constructed by Ryan — Ulrich (2022) for the RStudio software.

Table 1
Indices selected for the analysis
Country Index City Latitude Review period

United States S&P 500 New York 41°N 01.12.1983-14.04.2023
United States NASDAQ New York 41°N 31.01.1985-14.04.2023
United Kingdom FTSE 100 London 51°N 03.01.1989-14.04.2023
Germany DAX Frankfurt 50°N 04.01.1988-14.04.2023
Sweden OMX Stockholm 59°N 20.11.2008-14.04.2023
Poland WIG Warsaw 52°N 30.04.2013-01.10.2021
Czech Republic PX Prague 50°N 30.04.2013-01.10.2021

Source: Based on simplemaps

L https://simplemaps.com/data/world-cities. Downloaded: 28 February 2023.
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In consideration of the latitude and the trading days, the length of the nights
associated with specific trading days was determined using the spherical
trigonometry formulae [(1) and (2)] described above. Figure 2 displays the
variation in the length of night by city, broken down by month, as determined by
spherical trigonometry. The values displayed are smoothed, but for the purposes of
subsequent calculations, the discrete values associated with specific trading days are
applied. As demonstrated by the Figure, there is no significant difference for stock
exchanges that are geographically close to each other (Prague, Frankfurt, Warsaw).

Figure 2
Length of nights for each stock exchange
Number of hours Number of hours
10, _19.5
17.5
15.5
13.5
11.5
9.5
7.5 A
5.5
- >
c ° © = © c _ 00 [} = 5]
s & = & = 3 32 2 & & =2 &
----- Frankfurt = |ondon New York
Prague Stockholm Warsaw

Note: Calculated using the spherical trigonometry formula

Table 2 shows simple descriptive statistics for the stock market indices selected for
analysis. The number of observations for the Swedish OMX, Polish WIG and Czech
PX indices is significantly lower than the number of observations for the rest of the
indices, but does not differ significantly from the index with the lowest number of
observations used by Kamstra et al. (2003).
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Table 2
Descriptive statistics with returns expressed in percentages
Indices Sample Mean Standard Min Max Skewness Kurtosis
size deviation

S&P500 9,923 0.04 1.15 -20.47 11.58 -0.76 22.88
NASDAQ 9,628 0.05 141 -12.32 14.17 -0.12 11.08
FTSE 100 8,659 0.02 1.10 -10.87 9.84 -0.14 10.32
DAX 8,919 0.04 1.40 -13.14 11.40 -0.11 9.44
OMX 3,612 0.05 1.29 -10.57 10.37 -0.04 8.63
WIG 2,024 0.03 1.09 -12.65 5.80 -1.05 15.67
PX 2,027 0.02 0.94 —7.84 7.65 -0.76 12.80

Source: Based on data from the Quantmod package (Ryan — Ulrich 2022)

We did not use completely overlapping trading periods partly because of the
specificities of the quantmod package constructed by Ryan — Ulrich (2022), and
partly because the data are much more recent than those observed in Kamstra et
al. (2003). However, as expected, the descriptive statistics take similar values for
each index; for example, returns are negatively skewed for all indices.

3.2. Methodology applied for the analysis

In order to construct the model required for estimating the effect of seasonal
depression on the returns of the selected indices, we relied on the causal map
shown in Figure 3, which can be used to plot different causal and non-causal
paths, and also provides a clear summary of the variables associated with the
phenomenon to be analysed as described by Pearl — Mackenzie (2018). In Figure
3, the causal path (i.e. the relationship whose effect we wish to estimate with the
model) is indicated by blue arrows, and unobservable variables are presented in
red. Some of the variables in the causal path are primarily based on the variables
used in Kamstra et al. (2003); however, when placed on the causal map, it appears
that their study controls for some variables redundantly.
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Figure 3
Causal map associated with the model used for the analysis

Winter and autumn asymmetry Trading day following a weekend

Other, latent variables

Stock index returns
Length of night
Tax year end

Risk aversion

Socio-economic factors Weather Neurobiological factors

Note: Unobservable variables in red, instrumental variables and causal path in blue.
Source: Based on Kamstra et al. (2003) and Pearl — Mackenzie (2018)

For example, one such variable is the asymmetry around the winter solstice, for
which the D# binary variable was included in the regression model. In fact, this
variable has no indirect effect on stock index returns in itself; instead, it acts through
the length of the night; consequently, controlling for it will yield a biased result. For
seasonal depression and risk-taking propensity, we can see variables that affect both
but cannot be observed. These are the variables that we should control for if they
were observable; however, either the data are insufficient or the variables cannot be
adequately quantified, such as neurobiological characteristics which, based on the
literature, have a clear effect on the onset and magnitude of seasonal depression
and also on the level of individual risk-taking propensity (Zuckerman 1984).

However, for lack of that option, we estimate the effect of seasonal depression
using the instrumental variables method mentioned above, as indeed, the causal
map demonstrates that all three conditions for doing so are present. Namely,
(1) the length of nights affects the explanatory variable, i.e. seasonal depression;
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(2) the length of nights affects stock index returns only indirectly through seasonal
depression; and (3) there is no unobserved confounding variable between the
length of nights and stock index returns. The causal map will thus enable us to
verify the use of the SAD; variable calculated from the length of nights by Kamstra
et al. (2003) as an explanation of stock index returns, as in this case the length of
nights means the instrumental variable used to estimate the size of the seasonal
depression.

However, it is necessary to control for the D variable related to the close of the
fiscal year and for the DY variable implying the first trading day of the week, as
presumably they affect returns directly rather than through risk-taking propensity.
The causal map therefore enables us to estimate the effect of seasonal depression
on returns more accurately, without endogeneity, by way of regression (5) below
through influencing risk-taking propensity:

7. = SAD, + pi1i_1 + DM + Df + ¢, (5)

where SAD is the instrumental variable calculated from the length of nights, p;r;_;
is the return lagged by one day, D} is the first trading day of the week, and D[ is
the variable associated with the close of the fiscal year.

4. Analysis of the effect of seasonal depression on financial markets

In this Section, in our analysis of the effect of seasonal depression on financial
markets, we present the results of an estimation with a modified model compared
to the one applied by Kamstra et al. (2003). Similar to the authors, we found
a statistically significant relationship for three of the seven stock indices in our
analysis. The findings also confirm that the issue is worthy of deeper analysis, and
that even a causal relationship may well be observed with additional observations.

4.1. Findings and comparison

Although the causal map and the results obtained by Kamstra et al. (2003) both
suggest that the inclusion of the variable related to the end of the fiscal year should
be important to obtain a better estimate of stock market returns, this variable was
not included in the final model because we did not have the resources required
for calculating the values included in the variable. Consequently, the final model
is the following:

T, = SAD, + piri—q + DM + € (6)
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Table 3 is obtained after regressing equation (6) on stock returns by country and
includes all the coefficients for the stock indices included in the analysis except for
the two Central European indices. The coefficient of the SAD; variable is significant
for all indices except for the returns on the S&P 500 and the OMX index.

Robust standard errors are estimated both in Tables 3 and 4. Comparing Table 3
with the results obtained by Kamstra et al. (2003), there is a clear difference in the
magnitude and significance of the coefficient associated with the SAD; variable.
The coefficient will be significant for NASDAQ, FTSE 100 and DAX with a p-value of at
least 10 per cent. The coefficient associated with the DM variable, which represents
the start of the trading week, is negative for all indices except one, but will only be
significant for NASDAQ (at a p-value of 1 per cent). The F-statistics will be significant
at a p-value of at least 10 per cent in all cases except FTSE 100.

However, it should be noted that for DAX we obtained very similar results in terms
of the magnitude of the coefficient. In the study by Kamstra et al. (2023), the
coefficient of the SAD variable is 0.025, while in our current calculations it is 0.023.

For each trading day, we calculate the value of the SAD variable, multiply it by the
coefficients obtained from the regression equation, and annualise the resulting
return to obtain the annual return arising from seasonal depression. For example,
Kamstra et al. (2003) calculated 8.2 per cent for DAX. According to our results,
the return from seasonal depression is 7.98 per cent for Germany, 4.2 per cent
for the UK and 5.43 per cent for NASDAQ. In other words, returns are that much
higher relative to a situation without seasonal depression. These are very high
values considering that the daily returns in Table 2 correspond to annual returns of
around 10, 5 and 12.5 per cent, respectively. However, the Monday effect, although
significant in only one case, is associated with a negative sign and thus reduces
annual returns.

Overall, of the indices included in Table 3, only NASDAQ shows a significant SAD;
coefficient and a strong F-statistic and accordingly, it is in the case of NASDAQ that
the model is assumed to best capture the effect of seasonal depression on the
risk-taking propensity reflected in stock returns.
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Dependent variable:
Daily returns (per cent)
(S&P 500) (NASDAQ) (FTSE 100) (DAX) (OMX)
SAD, 0.017 0.027** 0.013* 0.023** 0.010
(0.010) (0.013) (0.007) (0.009) (0.009)
DY —0.033 —0.112%** —-0.020 0.033 -0.024
(0.033) (0.039) (0.033) (0.041) (0.060)
Lagged variable —6.566%** -1.772 -1.447 -1.198 —5.294**
(2.286) (2.048) (1.862) (1.590) (2.463)
Constant 0.034** 0.049*** 0.010 0.007 0.034
(0.015) (0.019) (0.016) (0.020) (0.030)
Number of observations 9,922 9,627 8,658 8,918 3,611
R? 0.005 0.002 0.001 0.001 0.003
Adjusted R? 0.004 0.001 0.0003 0.001 0.002
F-statistics 15.443%** 5.386%** 1.795 2.505* 3.778**

Note: *p<0,1; **p<0,05;***p<0,01.
Source: Based on data from the Quantmod package (Ryan — Ulrich 2022)

Table 4 summarises the results of equation (6) run for the daily returns of the
Polish and Czech WIG and PX indices. Apparently (with one exception), none of
the coefficients associated with any of the variables will be significant, nor will the
F-statistics be significant at a p-value of 5 per cent or above. It is likely that the effect
of seasonal depression on returns cannot be detected through regression because
the number of daily returns available for both countries is significantly smaller than
for major stock markets.

This may also be supported by the fact that the SAD; coefficient of OMX, which also
has few observations on daily returns, did not turn out to be significant. In addition,
it is possible that market integration is even greater, or that asymmetric returns are
priced in on the market, or the analysis may not have taken into consideration an
equity index or certain country-specific characteristics.
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Table 4

Regression results for selected stock indices in Central Europe with robust standard
errors

Dependent variable:
Daily returns (per cent)

(WIG) (PX)
SAD, 0.002 0.011

(0.014) (0.014)
DY 0.084 0.006

(0.068) (0.054)
Lagged variable 5.001 0.0001

(4.683) (0.0002)
Constant 0.010 0.007

(0.032) (0.028)
Number of observations 2,023 2,026
R? 0.003 0.0004
Adjusted R? 0.002 —-0.001
F-statistics 2.247* 0.273

Note: *p<0.1; **p<0.05; ***p<0.01.
Source: Based on data from the Quantmod package (Ryan — Ulrich 2022)

5. Summary

As the results of the literature presented demonstrate, research focusing on investor
sentiment and various seasonal patterns is a particularly important subfield of
behavioural finance. Investor sentiment and seasonality may provide additional
information, for example in financial market analyses, which may well make this
approach a component of a successful investment strategy. Moreover, taking into
consideration investor sentiment and observable seasonal effects may enable
researchers to explain market anomalies that classical finance has previously
observed, but failed to explain.

The results from the literature on sentiment and seasonal effects aptly demonstrate
that, as we intend to explore the relationship between variables that are difficult to
quantify and test, we need to be careful in our analysis. In addition to the empirical
analysis, it is advisable to focus on processing subject-specific insight relevant to the
analysis. Different statistically significant relationship analyses should be examined
from different perspectives, as they do not necessarily explain causality on their
own.

The analysis and reproduction of the Kamstra model suggests that the SAD; variable
applied in the model may be suitable to describe the effect of seasonal depression,
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as it showed a statistically significant relationship in the model constructed to
explain the returns on several stock indices. Since in this form, the variable is used as
a reduced form of the instrumental variable, no causal relationship can be detected
between the reduced risk aversion reflected in stock market returns and the degree
of seasonal depression.

We found significant effects on a long-term yet relatively recent database of
three major stock exchanges (NASDAQ, UK, Germany). Since Skrinjari¢ found that
a profitable trading strategy could be developed based on the SAD phenomenon
on the Croatian stock market, our analysis may be used as a basis for further
investigations on these three stock markets to see whether such portfolios can be
established in their case.

Given the methodological soundness of the original paper and in consideration of
the significant relationship, the analysis suggests that a causal relationship may
well be measured by including observations regarding the magnitude of seasonal
depression. The SAD, variable may be used as a proxy to explain stock market
returns for selected stock indices. Nevertheless, for a more extensive relational
and causal analysis, the model needs to be developed further, and the application
of a more complex time series approach is required. Moreover, by including more
stock returns and applying the fiscal year variable, the effect of seasonal depression
may be investigated further for the Central European stock market.

Our research provides useful information not only for academic researchers, but
also for managers of financial companies, especially in the three affected countries
we identified. Since seasonal depression is calculated to be responsible for 4 to 8
per cent of annual returns, it may be worthwhile to reduce risk aversion among
employees by improving their working conditions. There are numerous ways to
reduce seasonal depression that companies can offer to their employees (light
therapy, vitamin D, psychological counselling, etc.). This may be the subject of a new
research project.
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