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Abstract 

The purpose of this thesis is to investigate whether depressed moods increase anchoring 

effects in stock markets. Anchoring constitutes a powerful heuristic that has garnered 

extensive attention within psychology and behavioral finance. In stock trading, the widely 

reported 52-week high price has been demonstrated as a salient financial anchor. When the 

price is near the 52-week high, traders are reluctant to bid up the price even if information 

warrants it. Eventually, the information prevails, and the price shifts to its intrinsic value. To 

measure the associated returns, research employs a momentum trading strategy formulated 

by George and Hwang (2004) in which portfolios are formed based on stocks’ proximity ratio 

to the anchor and held for six months to allow suppressed information to be expressed. On 

the psychology side, experimental research shows that individuals in negative moods tend to 

exhibit increased anchoring. If true, depressed investors ought to be even more unwilling to 

bid prices beyond the anchor, resulting in greater 52-week high anchoring profits. To connect 

these two phenomena, the paper uses seasonal affective disorder (SAD) linked to latitudes of 

five stock exchanges to categorize periods of heightened depressed moods among traders. 

SAD constitutes a type of major depression that is regulated by exposure to sunlight. Previous 

literature has linked increased risk aversion due to SAD with general stock market returns, 

IPO underpricing, and stock analyst estimates. 

The analysis explicitly addresses whether months affected by SAD correlate with 

significant differences in a 52-week high anchoring strategy. Substantial anchoring is observed 

at the Helsinki, New Zealand, and Stockholm exchanges (3/5), but none are statistically 

significant with SAD and seem disassociated from a seasonal pattern based on daylight. The 

underlying reasons are debatable, and prominent explanations concern an inconclusive link 

between SAD and latitude, unaffected marginal traders, and a trading strategy that may be 

capturing more than anchoring, which ultimately suggests that the analysis results may be 

somewhat disconnected from its fundamental underpinnings regarding negative moods and 

anchoring. 
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Thesis Introduction  
Reason is slave to the passions – David Hume 

The philosophical meaning of David Hume’s famous quote from On Reason can be 

debated at lengths. Yet, at face value, it reminds us that whatever rational reason we believe 

to exhibit, it can undoubtedly be modified through the lens of human emotions. 

Conventional financial theory operates from a homo economicus standpoint. That is, 

human rationality is a base assumption for how financial decision-making is explained and 

why prices are as observed. These theories often prove incomplete given that human behavior 

is seldom exclusively rational and consistently exhibits a range of common human errors 

(Kahneman, 2011). As such, the latest four decades have seen increasing academic interest 

within the field of behavioral finance to understand and predict how human cognition affects 

financial decision-making. This research has discovered that people are subject to many forms 

of mental biases and heavily rely on heuristics to arrive at decisions – one such heuristic is 

anchoring (Tversky & Kahneman, 1974). Anchoring describes a potent behavioral rule of 

thumb where individuals depend too strongly on a piece of preexisting information that serves 

as a reference point and skews a subsequent decision towards the anchor. This effect is so 

strong that even completely unrelated information tangibly affects our decisions (Englich, 

Mussweiler, & Strack, 2006) and has been demonstrated with significant impact across many 

categories of decision-making, for example, with judicial verdicts (ibid), the likelihood of 

nuclear war (Plous, 1989), or real estate appraisals (Northcraft & Neale, 1987). 

In a financial market context, the nearness of the current share price to the 52-week high 

price produces a well-researched anchoring bias (Bhootra & Hur, 2013) (George & Hwang, 

2004) (Liu, Liu, & Ma, 2011). Georg and Hwang found that a significant portion of the 

performance from (6, 6)1 momentum strategies of Jegadeesh and Titman (1993) and 

Moskowitz and Grinblatt (1999) were driven by stocks’ proximity to the 52-week high. They 

attributed this effect to the anchoring heuristic, given that investors may use the 52-week high 

as a reference point to evaluate the price impact of new information. If a stock price affected 

by positive information is trading close to its 52-week high, investors may be reluctant to bid 

 
1 Stock picks based on past six months performance and then hold for six months 
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the price beyond even if information warrants it. Eventually, the information prevails, and the 

price increases. This enables a self-picking 52-week high trading strategy to profit from the 

discrepancy (where a trader goes long for six months on stocks whose ratio between the price 

and the 52-week high is closest to one). This phenomenon provides tangible price implications 

for stocks near and far away from the anchor. Here, investors are disinclined to sell at such 

low prices relative to the 52-week high even if news warrants it, which distorts the price until 

the information eventually succeeds. As such, individuals are reluctant to revise their priors 

given the nearness to the 52-week high anchor. 

An interesting feature of anchoring is that emotions seem to significantly influence how 

pronounced an anchor’s behavioral effects can be (Bodenhausen, Gabriel, & Lineberger, 2000) 

(Estrada, Isen, & Young, 1997). Though not extensively researched, there is consensus between 

these studies that depressed moods are associated with greater levels of anchoring. 

Conversely, however, literature has found that individuals with happy moods exhibit greater 

levels of simplistic processing and engage in more heuristic behavior as opposed to individuals 

in depressed moods (Bodenhausen, Kramer, & Süsser, 1994) (Bless, Schwarz, & Kemmelmeier, 

1996) which presents competing associations. Thus far, no papers have investigated how 

emotions impact known anchors in the financial markets. One can hypothesize that, for 

example, the 52-week high anchoring effects become more distinct if a trader is in a depressed 

mood. But is this empirically the case? Does it constitute a significant impact? To what extent 

do negative moods drive the anchoring effect? An unanswered question that this paper will 

try to address. 

The challenge is to identify which investors are trading in depressed moods and which are 

not. Traders are not obligated to input their state of mind when engaging with stock markets. 

Therefore, research needs a clever way to measure which (or when) investors experience 

depressed emotions. This is where seasonal affective disorder (often referred to as SAD in 

capital letters)2 can bridge the gap. Also known as winter depression, SAD is a form of 

 
2 Given that the study concerns both seasonal affective disorder aka SAD and negative moods, the 
paper does not use “sad or sadness” to describe negative moods. Instead “depressed moods or 
negative moods” are used to indicate this association to avoid confusion. Furthermore, moods and 
emotions are used interchangeably.  
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depression caused by low exposure to sunlight and often initiated by the onset of winter. First 

articulated in a 1984 paper, Dr. Rosenthal and his colleagues found that their patients suffered 

from periodic depression during the autumn and winter months – a depression that would 

resolve as levels of sunlight exposure increased, for example, around the onset of summer or 

if patients went on vacation to a sunny location. This seminal paper argues that the prevalence 

of SAD can be directly tied to an individual’s latitudinal location. That is, people in Iceland 

experience more winter depression than people in Spain. This correlation has been used to 

study population-level depression effects not only in psychology but also in financial markets. 

Correlations have been demonstrated with, for example, general stock market pricing 

(Kamstra, Kramer, & Levi, 2003), earnings per share estimates by equity research analysts 

(Dolvin, Pyles, & Wu, 2009), and IPO under-pricing (Dolvin & Pyles, 2007). As such, the 

latitude of stock exchanges may be used to separate groups of traders that are, on average, 

more affected by negative emotions. 

1.1 Research Questions 
Inspired by the prevalence of the 52-week high anchor in stock markets and the 

pronounced anchoring effect associated with negative emotions, this study will use a SAD 

measure linked to stock exchange latitudes to investigate whether stock market anchoring is 

driven by negative moods. This constitutes the primary hypothesis of the paper: 

Do negative moods associated with seasonal affective disorder augment the intensity 

of anchoring linked to the 52-week high price in financial markets? 

The embedded theoretical logic in this research question can be summed up as:  

 

This can subsequently affect pricing for stocks whose price is near the 52-week high as 

traders overly rely on this proximity to the anchor when evaluating the price. This can further 

translate to trading strategies, for example, create greater returns associated with a 52-week 

high momentum strategy where a trader purchases stocks whose current price is near the 52-

Seasonal 
affective 
disorder

Negative 
moods

Increased 
anchoring

Greater returns from 52-
week high-based trading 

strategy
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week high during months affected by SAD and holding past these months until the 

information prevails and the price moves up. As such, the paper also asks and addresses: does 

a positive correlation from the central hypothesis reveal a significantly profitable trading 

strategy? The idea is exemplified in Figure 1, which illustrates the price underreaction of 

favorable news given 52-week high anchoring. 

 Figure 1 – Simplified example of a stock price near its 52-week high price anchor 

Quantitatively investigating these links can not only provide evidence for the primary 

hypothesis but also, by association, give further financial context to its underlying 

assumptions, namely in regards to the elements from the above theoretical logic. Financial 

anchoring in isolation has already received academic attention. Therefore, the more 

interesting underlying aspects of the paper will be on SAD in financial markets and negative 

moods’ implications on anchoring. Previous studies introduce some ambiguity as researchers 

have suggested competing mechanisms for both elements. As such, interesting additional 

hypotheses that pertain to the fundamentals of the mean research question are: 

Do negative moods increase or decrease anchoring effects?  

To what degree is seasonal affective disorder expressed in stock markets? 

With such research questions, both positive and negative results may provide 

academically relevant results within behavioral finance, particularly given some of the 
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uncertainty surrounding these two sub-questions, as will be explored in the literature section 

of the paper. 

1.2 Timeliness of Research 
The effects of negative moods on heuristics may be more prevalent than ever. Figures from 

the World Health Organization estimated the global presence of depression had reached 322 

million individuals in 2015, signifying an increase of 18.4% over the previous decade (WHO, 

2017). As of late, the COVID-19 pandemic declared in March 2020 fast-tracked this startling 

development even further as the impact on people’s mental well-being is expected to be 

massive. One paper by the International Journal of Clinical and Health Psychology concluded 

the depression prevalence during COVID-19 to be seven times higher than previously 

observed (Bueno-Notivol, 2021). A core consequence of suffering depression is prolonged 

sadness, one of the most common negative emotions. As such, it is more relevant than ever 

to inquire about how negative emotions affect anchoring. And though this depressive 

development has wide-ranging implications far more severe than behavioral finance and the 

stock market (e.g., suicidal correlations), it remains an interesting approach given that a 

potential connection with financial anchoring could have an increasing effect on stock 

markets. 

Literature Review and Theoretical Underpinnings  
To properly connect the theoretical underpinnings of the research questions and facilitate 

a structured review of the existing relevant literature, the following section is broken down 

into four main parts. This reflects the previous theoretical illustration – an illustration the 

paper continually returns to for overall clarification.   

 

First (2.1), seasonal affective disorder is established as a proxy for measuring negative 

moods, which necessitates a deep dive into the connection between latitude and SAD as well 

as the ways in which SAD has already been shown to affect financial markets. Second (2.2), 
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the study examines the psychological literature on how negative moods affect human 

decision-making. Third (2.3), anchoring is explored as a powerful heuristic and how negative 

moods may increase its effects. Fourth (2.4), the 52-week high price is established as a 

meaningful anchoring along with its relation to momentum trading as well as the particulars 

concerning how information expresses in stock markets. 

2.1  Seasonal Affective Disorder 

2.1.1 Definition and Implications of SAD  
Seasonal affective disorder was initially discovered and defined in the early 1980s by 

Norman Rosenthal and his associates. Driven by Rosenthal’s own experience with seasonal 

mood patterns, they published a study in 1984 documenting a correlating between the level 

of depression and exposure to light. Since then, numerous studies have confirmed the original 

findings and studied its parameters and associations more closely (Magnusson, 2000). Given 

the well-established link, SAD has been categorized by the American Psychiatric Association 

as a legitimate condition under the depression umbrella. The official criteria from the 

Diagnostic and Statistical Manual of Mental Disorders DSM-5 specify that SAD “must include 

having depression that begins and ends during a specific season every year (with full remittance 

during other seasons) for at least two years and having more seasons of depression than seasons 

without depression over a lifetime” (American Psychiatric Association, 2013). It is not a distinct 

disorder but rather a depression umbrella diagnosis given a connection with seasonal 

patterns. 

Notably, as Rosenthal et al. (1984) discovered, symptoms can be heavily alleviated by 

introducing more light exposure, for example, by traveling to a sunnier latitude or using light 

therapy. As such, the prevalence differs significantly based on the sample location. In a meta-

analysis by Magnusson (2000), prevalence rates from 20 epidemiological studies ranged from 

0.0 to 9.7%. To put it into context, Nolen-Hoeksema (2014) reported that only 1.4% of the 

population in Florida experienced SAD, while 9.9% of the people in Alaska were affected by 

SAD. 

Symptoms are centered on depressed moods and low levels of energy resulting in patients 

feeling a multitude of complications, including unhappiness, irritability, tiredness, proneness 

to crying, difficulty concentrating, increased sleeping, decreased activity levels, withdrawal 
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from social situations, weight gain due to overeating (Melrose, 2015). The underlying bodily 

mechanisms are yet to be extensively researched, however, key mood hormones and 

implications from disrupted circadian rhythms (the 24-hour body clock) are believed to be 

connected with the above symptoms. McMahon et al., 2014 showed that individuals affected 

by SAD have trouble regulating serotonin levels – an important hormone that stabilizes 

people’s moods – during months with less sunlight. Also, Lewy et al. (2006) suggested that 

SAD may be linked to some individuals’ inability to cope with the overproduction of 

melatonin associated with darker periods of the year. Humans release this hormone in dark 

environments to aid the onset of sleep, and amounts are critical to a healthy sleep cycle. 

During winter months at greater latitudes, overall melatonin production increases, and 

individuals with SAD become sleepier and more lethargic (ibid). As both hormones 

correspond directly to levels of sunlight, proper physiological management is key to a healthy 

circadian rhythm which several studies have found to be inefficient in SAD patients (Teicher 

et al., 1997; Wehr et al., 2001; Murray et al., 2005). 

2.1.2 Correlation Between SAD and Latitude 
The original paper by Rosenthal et al. (1984) concluded the leading cause of SAD to be a 

lack of sunlight and thus a direct association with the latitudinal location. However, they also 

touted climatic, environmental factors as attributing to the prevalence of SAD, such as 

temperature and cloud coverage. As previously stated, this link was established as SAD-

affected individuals were swiftly alleviated of symptoms given a relocation to a sunnier 

location with a milder climate that was closer to the equator than their place of residence 

(ibid). Large bodies of research have since then tackled the same hypothesis around the globe 

with many supporting outcomes (Rosen et al., 1990) (Kegel et al., 2009) (Nolen-Hoeksema, 

2014). However, several studies have also resulted without a significant relationship, for 

example, Lewitt and Boyle (2006) and Brancaleoni et al. (2009). Given that this thesis attempts 

to exploit the large differences between the latitudinal location of stock market traders 

(approximated by the location of the associated stock exchange), it is paramount to 

thoroughly evaluate if the prevalence of SAD can indeed be approximated by latitude. 

To measure the prevalence of SAD, the majority of relevant research has utilized a self-

administered assessment questionnaire developed by Rosenthal et al. (1984), referred to as 
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SPAQ (Seasonal Pattern Assessment Questionnaire). Several initial studies to link latitude and 

SAD have been performed out the SPAQ in the late 80s. Namely, Potkin et al. (1986) and 

Lingjaerde et al. (1986), who both investigated survey results from nationwide newspapers 

published in Norway and the United States. Readers were requested to mail return if they 

experienced eight or more of the 15 identified symptoms. Both studies concluded a significant 

positive relationship between SAD rates and latitude. However, as Mersch et al. argued in 

1999, these results were only to be used indicatively given methodology issues, such as the 

sampling problem as only newspaper readers were asked, and of those, only individuals who 

were willing to mail return was recorded. 

Since then, several other SPAQ-based studies have supported the hypothesis of a 

relationship. Rosen et al. (1990) used a similar method at four different latitudes in the United 

States and found a positive correlation as latitudes became more northern. A more recent 

study from Kegel et al. (2009) used a large sample of 6,021 men and women randomly selected 

from the National Population Register in Greenland. With a general incidence rate of 9%, 

northern municipalities experienced significantly greater levels of SAD than southern 

municipalities. This further established a link between latitude and SAD and also added 

support to the notion of greater SAD prevalence in arctic regions (for example, Palinkas, 

Houseal, & Rosenthal, 1996). Furthermore, Kegel et al. found no significant difference 

between ethic Greenlanders and Danes, adding to the conversation that factors besides 

climate (sunlight, temperature, precipitation) such as genetics and culture impact the 

locational prevalence of SAD as other papers have argued (Mersch et al., 1999). Additionally, 

several studies which have not directly attempted to tie SAD and latitude together 

superficially indicate a positive latitudinal relationship, especially as latitudinal differences 

become very large as seen in Nolen-Hoeksema (2014) with a prevalence of 1.4% in Florida (25°-

31° N) and 9.9% in Alaska (55°-72° N). 

Looking at competing research that finds support to dismiss the SAD-latitude hypothesis, 

some notable studies are worth discussing. Partonen, Partinen, and Lönnquist (1993) surveyed 

1,000 Finnish men (199) and women (801) working for a nationwide bank to assess the 

frequency of SAD. With 486 respondents within the latitudes of 60°-70° N, they found no 

significant latitudinal relationship between SAD sufferers (echoed by another Finnish SAD 
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study from Saarijärvi et al. (1999)). Again, sampling must be considered given that bank 

workers may not be representative of the entire Finnish population. The latitudinal 

differences may also provide a role in how significant possible SAD rates can differ. At winter 

solstice (that is, at peak darkness during the year), the daylight difference between 60° N and 

70° N is 0.9 hours (where the sun dips above the horizon) in contrast to the 2.5 daylight hour 

difference between Miami, Florida (25.8° N) and Anchorage, Alaska (61.2°). A better latitudinal 

juxtaposed study was done by Brancaleoni et al. (2009), who tested samples of study in 

Tromsø, Norway and Ferrera, Italy. They found significant SAD prevalence, especially during 

October and November (winter onset months) for both locations but with (not significantly) 

higher SAD incidence in Italy, which is contrary to the idea that more extreme latitudes are 

correlated with SAD. 

There are two other main aspects to consider. First, there are the local demographic 

conditions, such as genetics and culture. In a 1993 study, Magnusson and Axelsson found that 

the local population in Canada, who were Icelandic descendants, had a lower tendency to 

suffer from SAD than the people around them with other ancestries. That is, differing SAD 

prevalence between groups of people at the same latitude. Locations with many different 

national ancestries may therefore prove more complex from a SAD-perspective. Second, 

studies have shown acclimatization to enhance individuals’ propensity to SAD (Magnusson et 

al., 2000). A 1998 study by Low and Feissner highlights this phenomenon. They showed that 

university students in Maine who moved from southern locations experienced greater levels 

of SAD than students who lived in Maine or moved from non-southern climates. These points 

emphasize the importance of methodology and sampling when studying SAD. 

2.1.2.1 Methodology Assessment of SAD Latitude Research 

Studies linking SAD to latitude present a nuanced situation, however, as argued by Mersch 

et al. (1997) and Magnusson et al. (2000), these studies are not created equally. The primary 

assessment tool remains the SPAQ which provides comparability across now extensive body 

of research. It is broadly perceived as reliable given the result consistency and ability to 

measure what it is supposed to (also indicative by its continued academic use since the 

formulation of SAD in the 80s) (Melrose, 2015). Some researchers have noted issues for its 

ability to specify the type of depression in that SAD associated with major depression and 
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subsyndromal SAD can be mixed (ibid). Otherwise features the inherent flaws of any self-

questionnaire, for example, response bias towards middle values. However, in the absence of 

better alternatives, SPAQ remains a valid and accepted assessment tool. 

The more pressing issue concerning the academic results concerns sampling methods. 

Several major studies investigating the SAD-latitude hypothesis selected participants in a 

non-random fashion or based their results on a distinct subset of the population, such as 

university students (Low & Feissner, 1998) (Brancaleoni et al., 2009) or company employees 

(Partonen et al., 1993). More weight should therefore be given to studies that avoid this 

systemic sample error by randomization, such as Magnusson & Stefansson (1993), Rosen et al. 

(1990), and Kegel et al. (2009). 

2.1.3 Link Between SAD and the Financial Markets 
Before the paper concludes on SAD and its legitimate usage in the context of this study, it 

can be valuable to visit the relationships that academia has made between SAD and the 

financial markets. A key paper published in 2003 by Kamstra and colleagues studied the 

impact of SAD on general stock market pricing. They argue that the extensive body of research 

from psychology and economics showing that depression leads the increased risk aversion 

cause a negative shift in prices during the autumn and winter months. Using data detailing 

stock market movements by stock exchanges around the world and controlling for other well-

known seasonal influences (see below sub-chapter), they generated evidence to support this 

idea. Returns were significantly correlated with the amount of daylight implied by the 

latitudinal location of the stock exchange. This now seminal paper concluded more 

pronounced effects as one approached the arctic area in either hemisphere (ibid). It has since 

been cited and officially criticized – criticism that has subsequently been addressed and 

academically published (Kamstra, Kramer, & Levi, 2012). The point is that the paper has 

received extensive scholarly scrutiny and remains an accepted piece of research. 

Dolvin and Pyles (2007) studied how daylight exposure manifested itself in Initial Public 

Offerings (IPO). The data showed significantly increased IPO underpricing during autumn 

and winter months, further indicating that the population-wide increase in depression 

associated with SAD impacts financial markets. Lastly, Dolvin et al. (2009) demonstrated how 

established research showing that stock analysts display both pessimistic and optimistic 
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biases (O’Brien, 1988) and (De Bondt & Thaler, 1990) extend to SAD as well. They found 

analysts to exhibit generally optimistic behavior that was significantly dampened during SAD-

affected months – an effect that was more pronounced at greater latitudes (Dolvin et al., 

2009). 

This has positive implications for the current study in that financial markets have been 

proven to also feel the depressive effects in connection with less daylight. In the same context, 

individuals (stock analysts) who closely resemble or directly constitute marginal traders that 

set market prices are also subject to SAD. Though the underlying mechanism for the above-

mentioned market effects is attributed to an increase in risk aversion (and not the direct link 

between negative emotions and increased anchoring), it provides comforting evidence to 

support the theoretical basis for the current paper. 

2.1.3.1 Notable Seasonal Stock Market Effects Outside SAD 

As the study seeks to isolate the effect of depressed moods from SAD on financial markets, 

it is paramount to control for other patterns that may affect prices, namely the two following 

proposed by Kamstra et al. (2003). First, one of the most extensively researched seasonal 

patterns is the January effect in which stock prices appear to increase more during January 

than any other month (Keim, 1983) (Thaler, 1987) (Jones, Lee, & Apenbrink, 1991). A common 

prevailing reason is associated with tax-loss selling, in which investors sell stocks that will 

realize losses before the turn of the year to enable tax write-offs related to net capital gains. 

This capital will then re-enter the stock market during January and supposedly push up the 

price (ibid). Second is the Monday effect (also called the weekend effect), in which market 

prices on the first business day of the week seem to move in the same direction as the last 

business day from its previous week (French, 1980) (Wang & Erickson, 1997). There is no 

consensus on the cause of the Monday effect, however, common arguments include 

momentum from Friday trading or the tendency for companies to release damaging 

information during the weekend. 
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2.1.4 SAD Theoretical Sub-Conclusion 
This section served to argue the theoretical underpinnings of using SAD and latitude to 

approximate times with prevailing depressed moods in a population. This builds the first link 

in the theoretical illustration: 

 

Given the extensive body of research identifying seasonal affective disorder, it indeed 

constitutes a significant depressive effect. However, the question of whether it ties directly to 

latitudinal location is more nuanced. There is a substantial number of contradicting studies 

on the subject that suggest other factors, such as genetics and local climate, to be relevant 

factors. As such, latitude does not provide an absolute measure for SAD prevalence. 

Nevertheless, critically assessing the methodologies of SAD latitude studies, much of the 

standing research is subject to sampling errors and in-group associations. Viewing the body 

of research as a whole and weighing representative studies, it is reasonable to assume a 

correlation, especially as latitudinal differences become greater. 

2.2 Emotional Decision-Making 
Before investigating anchoring and how negative moods may alter their intensity, it can 

be helpful to understand how emotions affect decision-making in general. In a base sense, 

decision-making is at the core of economic and financial thinking. How individuals choose to 

deal with scarcity subsequently determines the value of resources and, by extension, the prices 

observed in the stock market. A trader decides what price they are willing to buy/sell a stock 

at, and collectively this sets the market prices. A vast number of factors can influence such a 

decision ranging from quantitative analysis to behavioral attributes. There is a significant 

body of literature examining the link between emotions and decision-making, and the 

research features several different themes as context can shift the emotional “point of entry”. 

The current study is interested in two themes as it relates to the research question: how 

incidental emotions affect decision-making and how emotions shape the depth of thought.  
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2.2.1 Incidental Emotion Influence Decision-Making 
Research has found that incidental emotions (surrounding/accompanying emotions that 

are unrelated to the decision) often spill over from one situation to the next (Han, Lerner, & 

Keltner, 2007) (Yates, 2007). This so-called carryover of incidental emotion significantly 

impacts decisions that would otherwise be unaffected. For example, Quigley & Tedeschi 

(1996) found that incidental anger triggers individuals to blame others in separate situations 

even if the receiver of that anger has nothing to do with the source of it. A substantial part of 

this research has been valence-based (divided into positive and negative), inherently 

suggesting that emotions of the same valence produce similar responses. Such studies largely 

find that positive moods lead to optimistic judgments, and negative moods lead to pessimistic 

judgments (e.g., Han et al., 2007).  

Previous research studying the link between SAD and financial markets posits that the 

emotional effects from depressed moods increase risk aversion (Kamstra et al., 2003) (Dolvin 

et al., 2009). This association was initially studied by Johnson and Tversky (1983), who had 

participants read news stories that either elicited positive or negative emotions and 

subsequently had them estimate fatality rates for various potential causes of death such as 

cancer. Participants who read negative stories were significantly more pessimistic in their 

estimation when compared with the participant who read positive stories. In a financial 

context, carryover of incidental emotion has also been observed outside of seasonal affective 

disorder. For example, Edmans, Garcia, & Norli (2007) found that local stock market returns 

declined when a country’s football team was eliminated from the World Cup. These results 

not only validate emotions’ effect on financial markets but also provide evidence to support 

the connection between micro-level and macro-level implications.  

2.2.2 Emotions Influence the Depth of Thought 
Emotions also tend to affect the extent of cognitive processing in making decisions 

(Bodenhausen, Kramer, & Süsser, 1994) (Bless, Schwarz, & Kemmelmeier, 1996). These 

valence-based studies show individuals affected by positive moods engage in more heuristic 

thinking, whereas individuals affected by negative moods rely more on systemic thinking. 

Given that emotions help regulate/influence human action, the argument is that negative 

moods signal a greater demand for attention to increasing alertness and vigilance, which 
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mandate more systematic processing. This is opposed to positive moods that signal a safer 

environment and lead to more heuristic processing (ibid). Sharps minds will note that an 

association between positive moods and increased use of heuristics undermines the train of 

thought in the current paper. However, studies have, for example, argued that increased 

systematic processing from negative emotions could exacerbate anchoring due to heightened 

focus on the anchor (Bodenhausen, Gabriel, & Lineberger, 2000). As such, depth of thought 

also relates to the current study as several hypotheses involving deliberation (how careful one 

considers) have been suggested by researchers to explain the underlying mechanisms of why 

depressed moods may increase anchoring (Estrada, Isen, & Young, 1997) (Bodenhausen et al., 

2000) – the specifics of which are handled in succeeding chapters on anchoring.  

2.2.3 Emotional Decision-Making Sub-Conclusion 
How emotions affect judgments and decision-making constitutes a large body of 

literature. The current study needs two arguments to support the following link from the 

theoretical illustration:  

 

First, research demonstrates that the incidental negative emotions brought on by, for 

example, depression carry over to decision-making within the affected period. The paper can 

reasonably expect individuals affected by SAD to exhibit depressed moods while making 

decisions. Second, studies show that moods modulate the degree to which individuals engage 

in either heuristics or systemic processing. The specific relation to anchoring is nuanced and 

will be explored the paper details anchoring. For now, the critical bit is that emotions seem to 

affect depth of thought and thereby moderate the intensity of heuristics.  
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2.3 Anchoring Bias 

2.3.1 Origin and Definition of Anchoring 
Anchoring describes the behavioral phenomenon that humans tend to overly rely on 

initial information when estimating or judging during decision-making. Individuals may 

anchor their minds on sometimes arbitrary data that skew their resulting opinion towards this 

reference point. This can happen to such an extent that a decision is altered as compared to a 

situation absent the anchor, making it a pervasive cognitive bias. A typical example where 

anchoring can be robust is during negotiations. E.g., during salary discussions, the initially 

expressed offer will set the stage for what is perceived as the true value even if such an anchor 

is extreme (Thorsteinson, 2011).  

The anchoring bias was initially formalized by Sherif, Taub, and Hovland (1958), who 

noted that “introducing stimuli immediately adjacent to the stimuli being judged will cause 

displacement of judgments in the direction of the anchor” and described it as an assimilation 

effect. It was since studied and broadly popularized in a Science paper authored by esteemed 

behavioral economists Amos Tversky and Daniel Kahneman (1974). In one of their 

experiments, they tasked participants to estimate the percentage of African countries in the 

United Nations. A wheel of fortune with numbers between 0 and 100 was spun in front of the 

subject before deciding. Subsequently, they were asked to indicate whether their estimate was 

higher or lower than the random number and then adjust up or down to arrive at their guess. 

The researchers found significantly different guesstimates depending on the initial random 

number. For example, the median value for subjects who received 10 was 25 instead of the 

median value of 45 for the subjects who received 65. They coined this heuristics effect 

anchoring and adjustment as individuals seem to insufficiently adjust their estimation in the 

presence of an anchor (ibid). Extensive studies have since then emerged to demonstrate that 

anchoring can affect humans in practically any decision-making scenario. Outside of 

behavioral finance, anchoring has proved pervasive in, for example, pricing of gambles 

(Johnson & Schkade, 1989), estimating the likelihood of diseases (Peters et al., 2006), trivial 

knowledge questions (Strack & Mussweiler, 1997), and personal judgment of ability (Cervone 

& Peake, 1986) to name but a few.   
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2.3.2 Two Models of Anchoring 
Considering anchoring mechanics, academic literature presents two primary models of 

either anchoring and adjustment or selectively accessibility. The choice of model has 

alternating implications for how increased cognitive load affects anchoring levels, which is 

essential for evaluating the impact of emotional states. Anchoring and adjustment theory is 

as previously described (Tversky & Kahneman, 1974). Individuals first determine whether the 

actual value should be higher or lower than the anchor and then effortfully adjust from the 

anchor until they obtain their true values. In situations where individuals exert less focus and 

systemic processing, they inadequately adjust, and their evaluation can become biased 

towards the anchor (Epley & Gilovich, 2006). They showed that absent mental load, subjects 

were able to better adjust and arrive at more unanchored values as compared to subjects who 

evaluated under cognitive stress (ibid). Therefore, the anchoring and adjustment model is 

characterized as an effortful process where increased deliberation causes less anchoring and 

vice versa (Gilbert, 2002).  

This is opposed by the selective accessibility theory, which posits that individuals engage 

in a hypothesis-testing process in the presence of an anchor (Strack & Mussweiler, 1997) 

(Chapman & Johnson, 1999) (Mussweiler & Strack, 1999). That is, the initially presented value 

is partially assumed trustworthy, and individuals search for additional information to confirm 

the hypothesis. As contemplation and testing intensify with increased cognitive effort, the 

accessibility of confirmatory knowledge also increases, and individuals become more and 

more reliant on the anchor as evidence to confirm the hypothesis staggers. The implications 

are opposite those of the anchoring and adjustment model, given that deliberation and 

systemic processing increase anchoring effects (ibid). In one of Chapman and Johnson’s (1999) 

experiments, they asked subjects to estimate the number of people in the United States who 

will die from heart disease or cancer in the next ten years while presented with various high 

and low anchors, for example, 1,000 or 1,000,000. Preceding the evaluation, one group was 

asked to list things that would improve or threaten their health while the control group listed 

unrelated things. They found that subjects who elaborated on related issues relied 

significantly more on the presented anchor value. As such, individuals who accessed more 

relevant knowledge seem to display increased anchoring effects both in the presence of very 

low and very high anchors (ibid), suggesting that deliberation is positively correlated.  



Page 20 of 76 
 

2.3.3 Emotional States and Anchoring 
Evidenced by a sizable body of literature, experimental results suggest competing 

anchoring mechanisms that should either increase (selective accessibility model) or decrease 

(anchoring and adjustment model) as individuals cognitively engage in more deliberation. 

This presents colored associations when coupled with emotions since research broadly 

indicates that people are more prone to heuristic behavior when affected by positive moods 

(Bodenhausen et al., 1994) (Bless et al., 1996). However, some research also suggests that 

individuals affected by positive moods perform more efficiently at processing information and 

participate in more elaborate thinking (Isen & Labroo, 2003). There are two key emotional 

decision-making studies specifically investigating the implications on anchoring which have 

produced opposing explanations as well. 

First, Bodenhausen et al. (2000) hypothesized that anchoring would constitute a 

significant divergence from the generally accepted paradigm that depressed moods reduce 

judgmental bias as individuals may focus more intensely on an anchor in such cases. Over two 

experiments involving university students that tested high and low anchoring for both 

positively and negatively induced moods as well as in neutral states, they found the level of 

anchoring significantly dependent on moods. When anchors were low, there was no 

discernible difference between negative mood and the other mood domains. But when 

anchors were high, individuals induced with negative moods produced estimates significantly 

more reliant on the anchor – providing an explanation consistent with the selective 

accessibility model. Furthermore, they also discovered meaningful differences depending on 

the valence of the content at hand. In a negative content context, subjects displayed less 

anchoring, whereas they engaged in more anchoring when the content was positive. This 

correlation was apparent across all mood domains. In the context of the current study, if the 

content of the financial anchor is then underlyingly positive, the results may be more like to 

associate with significant anchoring. 

Second, Estrada et al. (1997) studied anchoring effects on physicians induced with either 

positive or neutral moods. They found that positively affected individuals displayed 

significantly less anchoring when compared to neutral moods. Results that approximate those 

of Bodenhausen et al. (2000) but differ in underlying explanation as Estrada, Isen, and Young 
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suggested that positive emotions are linked to less anchoring given that such moods facilitate 

more efficient problem solving (the physicians were asked to solve liver disease patient cases). 

This rationale is consistent with Isen & Labroo’s (2003) theory on the depth of thought for 

emotional decision-making and suggests an explanation more compatible with the anchoring 

and adjustment model seeing as deliberation associates with less anchoring.  

2.3.4 Emotional Anchoring Sub-Conclusion 
Anchoring constitutes a powerful heuristic with a significant body of literature to support 

it. It appears to affect human behavior across all domains of decision-making, which has 

prompted researchers to enquire about the effects of emotional states. Combined with the 

two anchoring mechanism models that heavily rely on the prevailing levels of deliberation, 

this has presented nuanced academic discussion that nevertheless share experimental results 

that depressed moods lead to greater anchoring. 

 

2.4 The 52-Week High and Momentum Trading 

2.4.1 Momentum Trading Strategies 
Given that this paper seeks to uncover whether a trading strategy based on the highest 

price within the latest 52-weeks (George & Hwang, 2004) is driven by negative emotions, it 

operates financially in the space of momentum trading. Thus, before reviewing the 

significance of the 52-week high, it can be useful to establish the competing momentum 

strategies. 

Momentum trading is a well-documented investment strategy in which the assets are 

picked based on their past returns and current price trajectories. Fundamentally, it concerns 

the idea that some of the past price movements carry over into the future and exhibit some 

autocorrelation pattern that traders seek to exploit. Jedadeesh & Titman (1993) show that 

individual stocks that have performed well within the past three months to a year continue to 

earn higher returns than stocks with poor past performance in the following six to twelve 

months. A phenomenon that extends to several categories, such as stock portfolios (Lewellen, 
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2002) and international markets (Rouwenhorst, 1998). For example, Moskowitz & Grinblatt 

(2002) argue that the industry component presents a salient momentum factor within the 

same timeframe as above. They show that the relevant industry of a stock explains a significant 

portion of the individual momentum anomaly, and an investment strategy that sells stocks 

from losing industries and buys from winning industries presents significant profitability. 

DeBondt and Thaler (1985 & 1987) deliver contrasting results over longer time horizons. They 

show that stocks with poor returns during the previous three to five years yield greater average 

returns than stocks with strong past returns during the same timeframe. Several other papers 

demonstrate the effect of long-term reversals, such as Fama & French (1996) and George & 

Hwang (2007). 

Research provides several models to explain medium-term momentum and long-term 

reversals both behaviorally and based on risk. Barberis, Schleifer, and Vishny (1998) argue that 

investor sentiment and the shared beliefs from investor sentiment can produce 

underreactions and overreactions consistent with the above empirical evidence. Daniel, 

Hirshleifer, and Subrahmanyam (1998) argue that investors’ self-attributed overconfidence 

causes a lagged effect in which short to medium-term winners are propped up by this 

behavioral bias to then eventually reverse in the long run as information prevails. And Hong 

and Stein (1999) argue a gradual diffusion of information (rather than instant as the efficient 

market hypothesis suggests (Fama, 1970)) between momentum-traders and news-traders 

results in short-run profits for momentum-traders who will inevitably overreact in the chase 

for arbitrage and cause longer-run reversal. Moreover, both Johnson (2002) and Sagi & 

Seasholes (2007) propose theoretical models that show how cross‐sectional variability in 

expected returns can explain momentum effects. 

2.4.2 The 52-Week High Price and Anchoring 
The 52-week high price constitutes a readily available piece of information that many 

financial outlets commonly quote in relation to reporting market prices (see, for example, 

Financial Times, Yahoo Finance, and Morningstar). Through a significant body of financial 

literature, a stock’s current proximity to the 52-week high has proven to be a salient factor for 

stock price momentum. A now seminal paper by George and Hwang (2004, hereafter GH) 

investigated to what degree the established momentum strategies by Jedadeesh & Titman 

https://onlinelibrary.wiley.com/doi/full/10.1111/abac.12216?casa_token=VnteXle7raEAAAAA%3AIDq033LtdQvVzuOlCTCcZDo_Glz_ZffUgf89Wc_aPoSZhnvXI8aXCPgdoYRVKeIgvbsGV6hnBiEmXAI#abac12216-bib-0008
https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Hirshleifer%2C+David
https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Subrahmanyam%2C+Avanidhar
https://onlinelibrary.wiley.com/doi/full/10.1111/abac.12216?casa_token=VnteXle7raEAAAAA%3AIDq033LtdQvVzuOlCTCcZDo_Glz_ZffUgf89Wc_aPoSZhnvXI8aXCPgdoYRVKeIgvbsGV6hnBiEmXAI#abac12216-bib-0018
https://onlinelibrary.wiley.com/doi/full/10.1111/abac.12216?casa_token=VnteXle7raEAAAAA%3AIDq033LtdQvVzuOlCTCcZDo_Glz_ZffUgf89Wc_aPoSZhnvXI8aXCPgdoYRVKeIgvbsGV6hnBiEmXAI#abac12216-bib-0032
https://onlinelibrary.wiley.com/doi/full/10.1111/abac.12216?casa_token=VnteXle7raEAAAAA%3AIDq033LtdQvVzuOlCTCcZDo_Glz_ZffUgf89Wc_aPoSZhnvXI8aXCPgdoYRVKeIgvbsGV6hnBiEmXAI#abac12216-bib-0045
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(1993) and Moskowitz & Grinblatt (2002) were driven by price-nearness to the prevailing 52-

week high. Building a stock portfolio based on the ratio between the current price and the 52-

week high price closest to one presented significantly greater returns during the following six 

to twelve months when compared to the conventional momentum strategies (ibid). 

Suggesting that investors are initially reluctant to bid a price higher when near the 52-week 

high, fundamentals eventually prevail, and prices adjust. GH attributes the finding to the 

anchoring and adjustment bias. When the current price is close to the 52-week high, traders 

may use the 52-week high as a reference point from which they adjust to find the correct price. 

Traders may then be overreliant on the reference point and adjust insufficiently, resulting in 

a price skewed towards the anchor in the short-run until information prevails.   

Numerous other studies find similar stock-related behavior surrounding the 52-week 

high. Li and Yu (2012) show that traders have a tendency to underreact to new information 

when the Dow Jones Industrial Average is near its 52-week high. Birru (2013) finds that 

analysts have a propensity to overly rely on the 52-week high as well with more declining or 

muted target prices for stocks with nearness. Baker, Pan, and Wurgler (2012) demonstrate that 

past price peaks can significantly affect valuations in M&As. They not only find that offer 

prices skew towards recent price highs but also that the likelihood of an acquiree’s acceptance 

is greater when the M&A bid price is above a recent price peak. 

Furthermore, George, Hwang, and Li (2015) also find that the phenomenon of post-

earnings announcement drift significantly depends on a stock’s nearness to the 52-week high 

at the time of the announcement. Returns following an extremely positive announcement are 

muted if the stock is trading close to its 52-week high, with a similar effect if a highly negative 

announcement occurs and the stock price is far away. Like GH, researchers largely attribute 

all the above findings to an anchoring bias at the 52-week high. 

Other international studies have produced empirical findings limiting the otherwise 

compelling evidence of saliency surrounding the 52-week high momentum strategy. Liu, Liu, 

and Ma (2011) find that the GH strategy generates significantly positive momentum returns in 

ten out of 20 markets. And Gupta, Locke, and Scrimgeour (2010) show that investigating a 

broader sample of stocks from 51 countries reveals that GH-based returns do not outperform 

a Jegadeesh and Titman (1993) price momentum strategy. The findings from these two studies 
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suggest more limited profitability associated with a 52-week high momentum strategy, mainly 

in Asian countries. 

2.4.2.1 A Note on Other Behavioral Effects Around the 52-Week High 

The extensive body of literature concerning 52-week high price behavior does not restrict 

to anchoring and extends to, for example, the recency effect, which describes the tendency to 

weigh newer information more than older information. Mainly, Bhootra and Hur (2013) 

studied 52-week high momentum on US stocks in which they compared stocks that recently 

peaked versus those that peaked at the beginning of the prevailing 52-week range. They found 

that the portfolio with recent peaks outperform the more distant portfolio, suggesting that a 

recency bias may further the potency of 52-week high anchoring. Furthermore, Barberis and 

Xiong (2009) argued that the disposition effect (that investors tend to shed winners and keep 

losers (Shefrin and Statman, 1985)) could make traders more inclined to sell stocks when they 

approach their peak prices. In support of this suggestion, Huddart, Lang, and Yetman (2009) 

find evidence of temporarily increased trading volumes as stocks approach their 52-week high. 

2.4.3 The Efficient Market Hypothesis 
A primary element of anchor momentum trading is that not all information about a stock 

is reflected in the price when near the 52-week high. For this to happen, markets cannot be 

efficient, as described by Eugene Fama (1970) on the Efficient Market Hypothesis (EMH). He 

argued that information manifests in security prices instantaneously. Capital markets are 

efficient as competition drives absorption of news and reveals intrinsic values so quickly that 

traders cannot capture gains on new pieces of information. 

Fama formulated three forms of efficient markets, which describe the level of information 

security prices reflect and that traders cannot gain from trading on such information. The 

weak form stipulates that prices reflect only information contained in past prices, the semi-

strong form stipulates that prices reflect information in both past prices and all publicly 

available information, and the strong form stipulates that all information including that which 

is not publicly accessible is contained in the prices. These forms of efficiency have been the 

subject of extensive financial literature that, to a large degree, disprove the absolute existence 

of efficient markets. The strong form variation is broadly considered false, given that insider 

trading is illegal in most countries. If true, an investor would not be able to gain from 
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privileged information, such as upcoming contracts or changes in organizations. However, 

this is often the reality which is why national exchange commissions have banned such 

activity nearly worldwide. The semi-strong form presents a more realistic efficiency, yet a 

significant body of literature demonstrates inconsistencies. For example, Ball (1978) found 

that prices tend to slowly adjust to information on earnings, allowing investors to achieve 

above-average returns, and Agrawal et al. (1992) discovered that investors experienced an 

average loss of 10% in the five-year period following an acquisition. The EMH has also received 

wide criticism from behavioral finance research, for example, concerning the tendency for 

individuals to overreact to new information. De Bondt and Thaler (1985) argue that 

overreactions extend to the financials market, causing short-term overvaluations compared 

to a semi-strong efficient market – the opposite of what is suggested for 52-week high 

anchoring in Figure 2. The JT momentum strategy is purely based on past performance, and 

given the substantial evidence from various markets to support significant JT profits (Liu et 

al., 2011), this further suggests that also the weak form of efficiency does not hold true. 

EMH research constitutes a vast field of research. And in the context of the current study, 

the notion that markets often exhibit inefficiencies is noteworthy, given that the primary 

premise of an anchoring strategy is to benefit from such inefficiency. 

2.4.4 The Marginal Trader 
For the increased anchoring effect from negative moods to be expressed in stock markets, 

a sufficient portion of investors must be affected. Specifically, one needs to observe increased 

anchoring for the marginal traders. These constitute active market participants that 

frequently trade at the current price, thereby adjusting the price according to their 

information and effectively determining the prevailing prices. Given that the prevalence of 

SAD can be expected at a maximum of 10% for the greatest latitudes (Magnusson, 2000) 

(Nolen-Hoeksema, 2014) and not all comprise market participants, one might reasonably 

question whether enough marginal traders can be affected. In short, research shows that a 

small number of investors can indeed affect prices. The demand-supply equilibrium 

determines the current price. If an investor performs a trade above or below the latest price, 

this becomes the new prevailing price (Hicks, 1962). Concerning SAD, Kamstra et al. (2014) 

studied increases in risk aversion for individuals affected by SAD and found it to be well within 
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limits to influence stock prices – that is, if one considers the increase in risk aversion 

synonymous with the stock risk premiums. The paper will further visit the affected population 

questions, however, the argument for only a handful of traders to affect prices is supported 

by financial literature.  

2.4.5 The 52-Week High and Anchoring Sub-Conclusion 
The literature presents the 52-week high as a salient reference point for traders. While 

Baker et al. (2012) and Birru (2013) demonstrate that its effects are not limitless, there is broad 

consensus surrounding its potency, harboring back to the significant findings by George and 

Hwang (2004). 

 

The extensive body of research demonstrating a correlation between investor behavior 

and current price proximity to the 52-week high largely attribute the link to an anchoring bias. 

The anchoring and adjustment model is most broadly represented within this literature in 

which traders fail to adjust far enough away from the 52-week high to sufficiently express the 

price that current information warrants. However, the selective accessibility theory also befits 

the behavioral patterns in that anchoring effects are more intense when a current price is near 

the 52-week high. That is, the evidence to support a valuation close to the anchor is clearly 

apparent given that the current price is close to it. If the previous theoretical links do indeed 

sum to an increased anchoring bias for traders, it is therefore very reasonable to theorize that 

it can correlate with greater returns. As such, this finalizes the theoretical assumptions. 
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Methodology 
As stated in the introductory chapter, the overarching research question reads, “Do 

negative moods associated with seasonal affective disorder augment the intensity of 

anchoring linked to the 52-week high price in financial markets?”. To reasonably investigate 

such a problem, the current study builds the argument in three main steps. First, the 

theoretical link between negative moods, modulation of anchoring, and then its subsequent 

expression in financial markets is established in the context of existing academic research, 

which was the main focus of the preceding literature chapter. Here, an extensive number of 

different sources are pooled together as the research question spans several topics both within 

psychology and behavioral finance. These papers’ quality has been selected to the extent 

possible in accordance with the Journal Quality List by Harzing (2020). Particular weights are 

given to influential papers within each research topic, such as Kamstra et al. (2003) for the 

influence of SAD on stock markets, Bodenhausen et al. (2000) for the influence of negative 

moods on anchoring, and George & Hwang (2004) for the influence of the 52-week high 

anchoring effects on momentum returns. Second, the necessary empirical data is collected to 

run statistical hypothesis calculations, including Welch’s t-tests and regression analyses. The 

relevant data in question concern stock market movements from particular stock exchanges 

around the globe and their accompanying climate data to accurately estimate SAD effects. 

The ins and outs of such calculations and their power to sufficiently answer the hypotheses 

are the subject of the following methodology chapter. The third step pertains to presenting 

and analyzing the quantitative results and subsequently discuss their implications in an 

academic context and evaluate future research. 

3.1 Data Selection and Collection 
The stock market prices were collected from the Yahoo Finance database using an API 

setup in Excel for all available weekly prices running back to the start of the 21st century. This 

timeframe was chosen due to a combination of keeping a modern outlook and data 

restrictions on dead stocks. Available databases for Excel stock plugins at CBS (Bloomberg) 

are subject to data pull restrictions and resulted in the use of Yahoo Finance, which does not 

provide price movements of dead stocks. With this in mind, using a timeframe within the 

latest 22 years is more reasonable than similar papers that commonly analyze around 30 years 
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of data. As such, an upfront limiting factor of the paper is survivorship bias. That is, the 

illusory effect of an increased positive environment in the past due to poor companies 

withering away and strong companies remaining. Given that this paper analyzes relatively 

among groups and patterns within the collected samples (as opposed to outside the samples), 

the effect of missing dead stocks is restricted. 

Table 1 – Sample stock exchanges and their latitudes 

Exchange Ticker Latitude 
No. of 

stocks 
Sample period 

NASDAQ Helsinki OMXH 60.17° N 135 02.01.2000 - 02.04.2021 

New Zealand's Exchange NZX 41.29° S (Wellington) 93 02.01.2000 - 02.04.2021 

Singapore Exchange SGX 1.35° N 370 02.01.2000 - 02.04.2021 

NASDAQ Stockholm OMX 59.33° N 322 02.01.2000 - 02.04.2021 

Toronto Stock Exchange TSX 43.65° N 426 02.01.2000 - 02.04.2021 

The analysis is split into five exchanges at various latitudes, as presented in Table 1. Given 

that the primary variable to measure the prevalence of SAD is the number of daylight hours, 

exchanges situated at the greater latitudes offer the most promising potential for significant 

effects, all else equal. The most northern exchanges in the analysis are NASDAQ Helsinki (60° 

N) and NASDAQ Stockholm (59° N). The NASDAQ Iceland was also considered, given that 

Reykjavik offers the most extreme latitude of any candidate. However, only 18 stocks are listed 

as of 2021, providing an insufficient sample size. The analysis also includes the Toronto Stock 

Exchange (44° N) to represent a slice of the North American market and New Zealand’s 

Exchange (41° S) to represent a sample from the Southern hemisphere. Finally, Singapore 

Exchange is used as a control exchange given that it is situated right above the equator at 1° 

N. 

A crucial assumption in using the exchanges’ location when computing a SAD measure is 

that traders are located approximately at that geographical location. And even though this is 

thus far the standard practice in similar academic papers on SAD and stock markets, it 

remains a critical aspect to consider since stock market participation is cross-border and 

global in nature. Located in Copenhagen, Denmark, I can still participate in the New York 
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Stock Exchange, presenting a latitudinal difference of 15°. The latest figures show that the 

proportion of foreign investments in the selected stock exchanges lie between 30-45%3 

making up a significant amount that likely constitutes marginal traders as well. Furthermore, 

local investors can also be spread at different latitudes within the country. However, all of the 

exchanges’ specified latitudes reasonably approximates a conservative figure for the 

latitudinal distribution of its host country – expect a slight mismatch in New Zealand where 

a third of the population lives in Auckland, situated 4.5° closer to the equator. 

As indicated, the primary variable for estimating SAD effects is derived from the relevant 

price date and its accompanying latitude. However, some previous studies have shown that 

other climate factors can help explain how pronounced prevalent SAD effects are (Huibers et 

al., 2010). As such, controlling for especially temperatures and precipitation may increase the 

explanatory power of the SAD measure. These data points are collected per city of the stock 

exchanges from CustomWeather (2021) in the form of historical monthly averages between 

1985 and 2015 (2oo5-2015 for Singapore) which can be seen in Appendix 1. More granular 

historical climate data (for example, specific dates) proves difficult given no monetary 

resources, and the above seems to be the most robust alternative. 

3.2 Return, Momentum, and Anchoring Setups 
To run mean comparison and regression tests, the study needs time-series and groups of 

returns that describe anchoring concerning the 52-week high at any given time for the five 

exchange. In financial literature, the typical approach to tease out 52-week anchoring effects 

is to construct a trading strategy based on the belief that stocks priced close to their 52-week 

high may increase in the following period as information prevails. This was first proposed by 

George and Hwang (2004) (hereafter GH) and posits that a portfolio with the 30 % of stocks 

(from a given sample) that feature the greatest ratio between price and their 52-week high 

(
𝑝𝑟𝑖𝑐𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡

52−𝑤𝑒𝑒𝑘 ℎ𝑖𝑔ℎ 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡
) is formed and held for six months. This can be compared to a reverse 

portfolio that features the 30 % of stocks that trade the farthest away from their 52-week high 

and thus have the lowest ratio. The portfolios are named accordingly as Near and Far, with 

 
3 Recent reports show proportions of foreign acitivty in the selected exchanges to be: 42,4 % in NASDAQ 
Helsinki (Euroclear Finland, 2021), 33 % in New Zealand’s Exchange (Milford Assets, 2021), 39.1 % in 
NASDAQ Stockholm (SCB, 2018), 40 % in Toronto Stock Exchange (MoneySense, 2014) 
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the difference being Near-Minus-Far (NMF) which can potentially indicate the overall 

anchoring effect. The 30 % proportions are commonly used, though some studies implement 

lower thresholds and find stronger effects (Bhootra & Hur, 2013). However, given the sample 

sizes of particularly New Zealand’s Exchange at 103 and OMX Helsinki at 136, a lower threshold 

than 30 % may result in a lack of representativeness, and thus 30 % is used. 

These returns will be highly correlated with traditional momentum strategies in which 

portfolios are formed based on past positive performance. A key element of the analysis is, 

therefore, to compare (and ultimately control for) the NMF variable with similar momentum 

strategy differences to investigate what portion is driven by 52-week high anchoring.  The 

returns of this structure can then be juxtaposed to a more traditional momentum trading 

strategy. 

The counterpart momentum trading approach included in this paper is that of Jedadeesh 

and Titman (1993) (hereafter JD). Here, portfolios are formed based on past performance with 

a portfolio of 30 % with previous return Winners and a corresponding return Loser portfolio 

with 30 % of the worst performers - the difference being Winner-Minus-Loser (WML). The 

original paper emphasized a backward-looking window of six months. Still, to provide better 

comparability with GH, the current study uses twelve months as also practice by Liu et al. 

(2011), making it a (12, 6) strategy (based on 12 months, held for six months). JD behavior is 

first included as a comparable trading approach when evaluating the monthly return means 

across the months and later as a control variable in the regression analysis. 

The stock returns for these trading patterns are calculated as 
𝑝𝑡+6−𝑝𝑡

𝑝𝑡
 where 𝑡 is months 

and equally weighted across each period using simple averages. A significant section of the 

analysis studies the effects absent January returns, in which case the basis for the six-month 

return is a geometric average of the underlying monthly returns in the relevant period (for 

example, Nov-Dec-Feb-Mar-Apr-May). All simple averages are performed on the six-month 

return figures and lastly converted to monthly returns for reporting the results.   

These portfolios are formed on a monthly basis throughout the timeframe such that each 

stock return data point, in the final analysis, represents the return that a decision would have 

yielded at that specified point in time. GH returns in February 2004 characterize the 
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investment return from Feb-04 to Aug-04, and the dates thus signify the time of decision. This 

provides 237 data points accounting for the need to evaluate past (12 months) and future (6 

months) price performance. Before any empirical analysis, the data is filtered on several 

parameters. First, financial instruments other than stock are excluded. Second, the paper 

approximately follows Hong, Lee, and Swaminathan (2005) to exclude extreme data points, 

namely, companies whose market capitalization is in the lowest 5th percentile and cap outlying 

returns at +-100% for any given month. 

Furthermore, the actual dates within the month are centered around the timing of 

summer and winter solstices (which occur on the 21st) and not the beginning of the month. 

This is a slight deviation from previous papers, yet there is a reason behind the madness. This 

setup allows for a split just as daylight hours peaks and troughs, which are theoretically a more 

appropriate timing for SAD effects. The months affected by SAD in the analysis are, therefore, 

October, November, December, January, and February. These represent investment decisions 

at the winter solstice (December) and two months before and after. Note that these months 

are flipped for New Zealand’s Exchange in the southern hemisphere, where peak night hours 

occur in July. 

In essence, this means that the monthly Near-Minus-Far figures from all the different 

portfolios create across the timeframe serve as the key response variable for anchoring effects 

on returns both when comparing groups and regressing against the SAD measures. 

3.3 Mean Comparison Testing 
The analysis features many juxtaposed means in the form of monthly returns, for example, 

concerning the performance of different trading strategies but, more importantly, differences 

between months affected by SAD versus those that are supposedly not (noted as Non-SAD). 

To gauge whether two groups demonstrate a significant difference from one another, the 

analysis includes t-test statistics whenever group averages are investigated. This is a common 

hypothesis testing tool that similar studies, such as prominent papers by Kamstra et al. (2003) 

and Liu, Liu, & Ma (2011), use when assessing results. For example, it is suspected that a GH 

investment decision in months affected by SAD can produce greater returns in six months 

than those made during unaffected months, in which case the null and alternative hypothesis 

goes as follows: 
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𝐻0 = 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑛𝑜 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝐺𝐻 𝑟𝑒𝑡𝑢𝑟𝑛𝑠 𝑎𝑛𝑑 𝑙𝑒𝑣𝑒𝑙𝑠 𝑜𝑓 𝑆𝐴𝐷 

𝐻𝐴 = 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝐺𝐻 𝑟𝑒𝑡𝑢𝑟𝑛𝑠 𝑎𝑛𝑑 𝑙𝑒𝑣𝑒𝑙𝑠 𝑜𝑓 𝑆𝐴𝐷 

To run such a test, the paper specifically employs what is known as Welch’s t-test, which 

assumes unequal variance between the means of the two groups. This requires summary 

statistics where the input figures are the equally weighted portfolio returns. First, the standard 

error is computed as 𝑠𝑒 = √
𝑠1

2

𝑛1
+

𝑠2
2

𝑛2
 where 𝑠 is the standard deviation. Second, the t-score is 

computed as 𝑡 =
(𝑥1̅̅̅̅ −𝑥2̅̅̅̅ )−0

𝑠𝑒
, where �̅� is the mean value. Third, the t-score is used to look up the 

corresponding p-value. Given a 95 % confidence level, one can then reject the null hypothesis 

if the p-value below is below 5 %. This is reported next to the means to indicate significant 

differences.  

3.4 Regression Calculations  
The regression analyses for each of the five exchanges present the primary statistical tool 

for determining correlations and will ultimately be a concluding factor. Echoed by similar 

papers (see again, for example, Kamstra et al. 2003 and Liu et al. 2011), regressions enable the 

analysis to quantify the relationship between anchoring in stock markets and seasonal 

affective disorder while also accounting for other factors. The near-minus-high figures remain 

the measure that identifies changes in anchoring effects across the year, and this is what the 

SAD measures will be regressed against. The primary explanatory variable for the prevalence 

of SAD will be daylight hours accompanied by the two control variables for the local rainfall 

and temperature averages by month, a dummy variable to detect a fallout during autumn, and 

the WML variable to control for pure momentum-driven returns. 

In the literature review, the paper argued that measuring SAD by latitude remains 

imperfect and with limitations. However, in the context of statistical analysis, it features 

desirable qualities. Combining the date in question and the relevant latitude, one is left with 

a perfectly precise measurement that varies uniformly across each year, peaking at summer 

solstice and troughing at winter solstice. As such, the numbers of daylight hours can be 

calculated down to multiple decimals and remains constant across years (as opposed to 

cloudiness or sunshine hours). This benefits the comparability across years since the amount 
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of SAD is not instantly varying (for example, one odd-day out with less cloudiness does not 

necessarily result in an instant universal decrease in depressive effect from SAD).  

Given that the paper suspects a return correlation with less daylight, the number of night 

hours is calculated to make coefficients more intuitive - where the minimum value for the 

final input is 12 given the paper’s interest less than average amount of daylight. To achieve 

this number at each of the five latitudes 𝐻𝑡, standard approximations from spherical 

trigonometry are employed. First, the sun’s declination angle ∢𝑡 is calculated using the 

following: 

∢𝑡 = 0.4102 ∗ sin [(
2𝜋

365
) ∗ (𝑗𝑢𝑙𝑖𝑎𝑛𝑡 − 80.25)] 

, where 𝑗𝑢𝑙𝑖𝑎𝑛𝑡 represents the Julian calendar number (from 1 to 365 starting on the 1st of 

January) for the price date at time 𝑡. From this declination angle, the below formulas calculate 

the number of night hours 𝐻𝑡 given a latitude 𝛿𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒 in the northern and southern 

hemisphere, respectively: 

𝐻𝑡
𝑁𝑜𝑟𝑡ℎ𝑒𝑟𝑛 = 24 − 7.72 ∗ arccos [− tan (

2𝜋𝛿

360
) tan (∢𝑡) 

𝐻𝑡
𝑆𝑜𝑢𝑡ℎ𝑒𝑟𝑛 = 7.72 ∗ arccos [− tan (

2𝜋𝛿

360
) tan (∢𝑡) 

As mentioned, this primary SAD variable is complimented by a precipitation measure and 

a temperature measure to potentially control for variation in SAD due to variation in these 

two climate factors as well as the WML variable to control for momentum return association 

with past winner and losers. Furthermore, the regression includes a dummy variable for pre-

winter solstice months (noted as pre-solstice below) given that previous research shows SAD 

effects to increase as daylight hours gradually decrease when approaching winter solstice and 

conversely taper off post-winter solstice (Dolvin & Pyles, 2007). Thus, the resulting anchoring 

effects may show a similar pattern which can be teased out using a dummy variable that reads 

1 when active and 0 otherwise. In the context of the analysis, this pertains to the months 

labeled October, November, and December. Earlier studies also include a dummy variable for 

January dates, however, the current study runs a separate regression excluding January 

entirely. This will more effectively reveal any missing correlations due to January effects, 
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especially since January returns are included in half of all figures given the six-month holding 

period for the trading strategies. This is also prudent and justified due to previous results 

from, e.g., GH (2004) and Liu et al. (2011), as well as January returns from the current dataset. 

Given these independent and dependent variables, one can express the regression as 

follows: 

𝑁𝑀𝐹𝑡 = 𝛼 + 𝛽𝑆𝐴𝐷𝑆𝐴𝐷𝑡 + 𝛽𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑡 + 𝛽𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒𝑡

+ 𝛽𝑝𝑟𝑒−𝑠𝑜𝑙𝑠𝑡𝑖𝑐𝑒𝐷𝑡
𝑝𝑟𝑒−𝑠𝑜𝑙𝑠𝑡𝑖𝑐𝑒

+ 𝛽𝑊𝑀𝐿𝑊𝑀𝐿𝑡 + 휀𝑡 

, where t denotes the decision date of the month, and NMF is the monthly return 

difference between GH Near and Far. The alpha specifies the regression intercept and the 

betas each denote the variable written in the superscript of the parameter, with D indicating 

the dummy variable. This allows the analysis to determine whether the pattern in the NMF 

variable can be explained by the other parameters and to what degree. 

3.5 Methodology Limitations 
As with studies of this kind, both the data and choice of statistical tools produce a range 

of limitations that are key to identify to keep results and discussion level-headed. For reader 

orientation, considerations as to different methodological approaches, for example, 

concerning other trailing price periods for information absorption, are debated in the 

discussion instead. 

3.5.1 Limitations of Statistical Models 
The two statistical models applied in this paper feature some intrinsic limitations. Both 

Welch's t-test and multivariable regression answer a very specific question concerning the 

inputs, which may only partially fit the research question. That is, the explanatory power of 

such models is subject to some critical trade-offs in relation to this paper. 

Besides assuming unequal variances between the groups in question (which is indeed the 

case), the essential criteria for Welch's t-test are randomized underlying data that 

approximately follow a Gaussian distribution. Perfectly normally distributed data is hard to 

come, and this dataset is no exception. As can be observed from the coming summary 

statistics, the skewness for the underlying analysis data (mean monthly returns) is 

consistently negative and beyond -2 for the New Zealand and Singapore exchanges. The same 
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non-normal pattern is evidenced by their kurtosis figures suggesting fat tails that have 

significant negative outliers. Running Shapiro-Wilk normality tests (Appendix 2) provides 

further evidence that the returns do not follow a Gaussian distribution as is. However, 

removing even the 1st percentile (as is the case with OMXH) can move the p-value into non-

significance, in which case non-normality cannot be rejected. Removing outliers is to be done 

with extreme care as they can be very informative about general data patterns. Concerning 

trading strategies, accounting for both peaks and troughs is inherently key as anyone can be 

a genius during a bull market. And as such, the outliers following the initial filtration are left 

in the dataset. 

Leaving the base assumptions, the t-test compares the mean of two groups rather than 

investigating individual values, making the results susceptible to outliers. Furthermore, since 

the test is based on data groups, one misses the granularity across the groups. For example, 

the paper suspect increasing effect leading up to winter solstice and decreasing impact 

following it. This distinction is left out of a t-test. In such a case, ANOVA can be implemented, 

which allows for variance testing across multiple means. Yet this aspect is better handled by 

regression testing, primarily because the hypothesis features a direction element within pre-

winter solstice and post-winter solstice groups. These factors limit the explanatory power, yet 

its simplicity becomes rather useful as many juxtaposed means are reported. 

As for regression statistics, they are subject to outlier pitfalls in much the same ways as 

above but also several other limitations that are worth mentioning. First, the input variables 

are assumed to be independent of one another, which the SAD variables are not. For example, 

the length of night measure is highly correlated with the prevailing temperatures, given that 

fewer hours of day provide less warmth from the sun. However, this remains a non-issue given 

that the purpose is to control for variation, specifically prevailing rainfall and temperature. 

The second aspect to consider is the number of explanatory variables. If too many are added, 

regression analyses can have a tendency to overfit and start explaining the random error in 

the data rather than the correlation with the NMF variable. Given the choice of running a 

complete separate regression for January effects, the explanatory variables will only feature 

data about SAD effects and the WML, which is expected to be highly correlated with NMF as 

it is (and not other dummy variables, such as Monday or tax controls). Five variables are still 
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inputted, and while overfitting is not expected, it can be helpful to consider. Lastly, the 

current study uses a regression for a linear relationship. That is, by implementing a linear 

model, the implicit assumption is that (given the central hypothesis holds) when the 

prevalence of SAD increases, the NMF variable explaining anchoring change in a linear 

fashion. For example, the relationship could theoretically behave exponentially, however, 

linearity is a reasonable base case to assume. 

3.5.2 Limitations of Data Selection 
The output in a quantitative study can only be as good as the data one feeds it. Critically 

assessing the data for the current study reveals areas that could improve with greater 

resources. As previously mentioned, the stock market prices lack dead stocks, which can 

promote survivorship bias. A slightly shorter timeframe than other similar papers has been 

used to mitigate this implication. However, pure momentum returns such as those derived 

from a JD strategy are expected to perform well against both GH and the market, given this 

feature. As such, less attention will be given to this effect which is not paramount to the study 

since the key component is price behavior within a data series (for example, within the NMF 

figures). An extension of this mitigation is the shortened timeframe. This does provide more 

modern stock market data but also introduces the potential for less representativeness given 

that more data implies better law of large numbers effects to reveal more true patterns. This 

also provides less time to smoothen out extreme events as observed with the non-normality 

issues surrounding October 2008, which resulted in the need to exclude outliers from the 

analysis. 

The limitations of using a latitude to describe the prevalence of SAD have been thoroughly 

weighed in the literature review. And while latitude remains a perfect method to explain 

variation in the amount of daylight, one cannot conclude a direct relationship to SAD with 

certainty. Latitude is the best alternative for the purposes of this paper, however, previous 

research implicates both genetics and other climate factors. As for the weather data, the 

historical monthly averages for precipitation and temperatures are not as optimal as averages 

for the specific months for each year. One year may prove particularly rainy or particularly 

warm. This can be even more pronounced given the change in climate during the historical 

window from 1985 until 2015. 
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3.6 Methodology Sub-Conclusion 
The research question and its sub-questions are particular in nature, and their answers 

are hidden behind data that superficially describe entirely different metrics. As such, the 

quantitative methodology must be highly exact to tease out the desired effects. In broad 

strokes, the setup is influenced by the individual topics' seminal papers, which result in the 

NMF variable. Combining this variable with measures that have shown to indicate SAD effects 

while controlling for pure momentum returns allows the paper to answer its hypotheses with 

methods proven by well-regarded research in other contexts. 

Results 
The paper now explores the outcomes from the suggested calculations. Each exchange is 

considered its own market, and the results are grouped accordingly. First, the customary 

summary results are presented to understand the dataset superficially. Then, the returns per 

each strategy for a holding period of six months are considered for the entire market, the 

classic JT momentum strategy (12, 6), and the GH 52-week high anchoring strategy. This is 

important to establish to what degree the anchoring strategy is effective before understanding 

potential effects from periods of SAD. The JT momentum strategy is included to get a feel for 

whether possible 52-week high profits are correlated with a trading strategy of simply buying 

previous winners. Subsequently, these results are investigated in the light of SAD and non-

SAD as well as pre- and post-winter solstice groupings to understand if these provide tangible 

return differences, which will indicate plausible connections between SAD and anchoring in 

the stock markets. All of the above are presented along with t-tests to showcase the 

significance between the means. Next, the more powerful regression results are given for the 

stock anchoring variable (Near-Minus-Far), to which coefficients and p-values are reported. 

The regressions will serve as the main results as far as the current study’s contributions 

quantitative contributions are considered. Each results section features separate “seasonality” 

figures that describe the numbers without January returns, as previous studies have shown 

this to be a significant factor. 
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4.1 Summary Statistics 
Table 2 reports general summary statistics (all on an equally weighted basis) for the 

monthly return over the entire sample period. Given the filtrations described in the 

methodology, the average number of stocks per exchanges is 269, with monthly means 

ranging from 0.7 % in Singapore to 1.7 % in Toronto. Despite presenting the lowest returns, 

Singapore also features the greatest volatility at 7.5 % mean standard deviation suggesting a 

poor risk-return tradeoff. New Zealand also has relatively low mean returns but conversely 

has the lowest standard deviation as well. The Stockholm exchanges see the second greatest 

mean return at 1.4 %, with similar volatility as Toronto. As previously mentioned, the 

prevailing skewness is fairly negative, especially for the New Zealand and Singapore 

exchanges. These negative outliers are primarily due to three specific months. October 2002 

following the dot-com bubble, October 2008 following the financial crisis, and recently March 

2020 following the corona pandemic outbreak. 

Table 2 – Equally weighted mean monthly returns, standard deviations, and skewness 

Exchange Sample period N stocks 
Mean monthly 

return 
Mean monthly 

standard deviation 
Skewness 

Helsinki 02.01.2000 - 02.04.2021 136 0.94% 5.41% -0.83 

New Zealand 02.01.2000 - 02.04.2021 93 0.83% 3.75% -2.27 

Singapore 02.01.2000 - 02.04.2021 370 0.70% 7.47% -2.09 

Stockholm 02.01.2000 - 02.04.2021 322 1.42% 6.01% -1.20 

Toronto 02.01.2000 - 02.04.2021 426 1.70% 6.26% -1.43 

Seasonality is a focal point of the current study, and as such, the mean raw returns for 

each calendar month are displayed in Table 3. Notably, the returns are dispersed from month 

to month and present quite nuanced seasonality across all exchanges. A clear, discernable 

pattern is the consistently positive returns during January, further cementing the argument 

to report analysis figures for all months and excluding January separately. As previously 

mentioned, January effects are suspected to be driven by tax-loss selling as the tax year ends 

in December and begins in January. New Zealand features no capital gains taxes4 , and the tax 

 
4 New Zealand Taxes. (2021). Retrieved 6 May 2021, from https://www.newzealandnow.govt.nz/live-in-new-
zealand/money-tax/taxes 
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year runs from April to March. Thus, it is no surprise that January seems to be less of an outlier 

month for the NZX exchange. 

Table 3 – Mean monthly returns per exchange  

Month Helsinki New Zealand Singapore Stockholm Toronto 

January 3.58% 2.59% 4.86% 3.89% 6.24% 

February 1.30% 4.97% 1.38% 1.46% 3.62% 

March 0.66% -0.04% -0.42% 2.82% 2.30% 

April 1.33% 0.16% 5.36% 4.41% 1.93% 

May 2.94% 1.88% 3.43% 3.96% 5.22% 

June -0.58% 0.55% -0.43% 1.85% 1.58% 

July -0.70% 0.60% 2.70% 0.06% 2.93% 

August -0.21% 1.09% -1.53% 0.42% 1.88% 

September 1.54% 3.07% 1.08% 1.72% 1.95% 

October -1.00% 0.56% -0.24% -0.74% -0.68% 

November 1.96% 2.54% 1.79% 2.76% 2.82% 

December 0.06% 0.83% -0.03% 1.56% 1.27% 

4.2 Momentum Strategy Returns 
Before the trading strategies are viewed in the context of SAD, the pure returns from 

performing the two programmed trading strategies and their market equivalent are presented 

in Table 4. The buy long and hold for six months pattern for market returns largely reflect the 

individual exchanges’ monthly mean raw returns. The notable exception is the Singapore 

exchange which benefits from this setup and increases its market mean returns from 0.7% to 

1.15%. This return is intuitively more reflective of Singapore’s volatility, and New Zealand 

becomes the exchange presenting the lowest benchmark returns at 0.88 %. 

The (12, 6) JT momentum Winner portfolios consistently tend to outperform the market 

across all exchanges, however, only three of the five markets showcase a significant difference 

between the Winner and Loser (WML) portfolios. Mainly the Nordic countries profit from JT 

trading as they produce WMLs of 1.29% for Stockholm and 1.10% for Helsinki. Both differences 

have highly significant p-values well below 0.025% and make the prevailing return of 2.21% 

for the OMX Winner portfolio the overall most profitable. The WML discrepancy of 0.70% 

also generates high level of significance for the New Zealand exchange, whereas the JT 
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portfolios for Singapore and Toronto exchanges do not differ with p-values above 60%. 

Curiously, being long the Loser portfolio in TSX creates greater returns than the market, 

which explains the insignificance despite the Winner portfolio increasing profits to nearly 2% 

compared to the market. 

Table 4 – Market, JT, and GH monthly trading returns with six month holding period 

Exchange Market 
(12,6) momentum strategy (JT) 

Winner Loser WML (∆) P-value 

Helsinki 1.03% 1.58% 0.48% 1.10% 0.003% 

New Zealand 0.88% 1.16% 0.47% 0.70% 0.023% 

Singapore 1.15% 1.29% 1.12% 0.18% 61% 

Stockholm 1.47% 2.21% 0.92% 1.29% 0.001% 

Toronto 1.69% 1.99% 1.95% 0.04% 97% 
      

Exchange 
52-week high strategy (GH) 

Near Middle Far NMF (∆) P-value 

Helsinki 1.55% 1.15% 0.36% 1.18% 0.0004% 

New Zealand 1.19% 0.87% 0.58% 0.61% 0.13% 

Singapore 1.40% 1.08% 1.00% 0.40% 25% 

Stockholm 1.96% 1.52% 0.94% 1.03% 0.03% 

Toronto 1.49% 1.55% 2.11% -0.62% 9.5% 

Continuing in Table 4, the monthly GH anchoring returns are presented given portfolios 

based on the 30% of stocks that were nearest and 30 % that were farthest from the 52-week 

high as well as the middle 40%. A similar pattern to the JT strategy occurs. The same three 

exchanges generate significant comparisons between the top and bottom portfolios, and the 

paper cannot reject that there is an anchoring correlation for Helsinki, Stockholm, and New 

Zealand. The momentum differences are more pronounced for Helsinki (+0.06) and Singapore 

(+0.16) and less pronounced for New Zealand (-0.06) and Stockholm (-0.27). Particularly 

Helsinki and Stockholm benefit from the 52-week high anchoring strategy in the same manner 

as JT. The similarities are, of course, no surprise given that both strategies rely on positive past 

performance to structure the winning portfolios – which is consistent with previous research 

of 52-high anchoring (GH, 2004) (Liu et al., 2011). The Middle portfolios do indeed describe 
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the middle in a return sense for the three significant exchanges. Singapore is the only other 

exchange with a positive relationship going from the Far portfolio to the Near portfolio but 

with insignificance at a p-value of 25% - and its Middle portfolio (1.08%) generates mean 

returns highly like the Far portfolio (1.00%), suggesting that the stocks in Singapore with the 

lowest 52-week high ratios perform similarly to the rest of the market. 

An interesting and unexpected result is produced by the Toronto exchange as the 

relationship between the Far, Middle, and Near portfolios are reversed, providing indicative 

results counterintuitive to the explanations that 52-week high anchoring otherwise offers. 

Given the t-test, the correlation does not seem significant but comes close at 9.5% in p-value. 

Trading the Far portfolio in the TSX exchange delivered some of the most positive monthly 

returns of the entire study at 2.11%, whereas the Near portfolio only manages 1.49%, 

underperforming the market strategy. Flipped, but in the same manner as Singapore, the 

Middle portfolio returns remain close to the Near portfolio and showcase a skewness in GH 

returns towards the Far portfolio rather than the more equal distribution offered by the 

exchanges that show significant correlation with 52-week high anchoring. 

Now that the paper has established the overall performances, it focuses on the context of 

the research question. Table 5 reports the differences between top and bottom portfolios for 

each of the trading strategies per SAD and non-SAD groupings of the months – that is, WML 

for the JT-based returns and NMF for the GH-based returns (return groupings for holding the 

entire markets are to be found in Appendix 3). Right of the bat, the figures show no significant 

differences for the means of the groups. All resulting p-values are above the 5% significance 

level, however, some exchanges come close for JT-based trading. Here, the two greatest deltas 

between months characterized by SAD and non-SAD are Stockholm and Singapore. OMX 

generate 0.61% more in mean monthly return during the SAD affected period, producing a p-

value of 10%. SGX experiences the reverse relationship. Being the control exchange, the only 

value this figure provides is that the difference does not seem to signify a SAD effect. 

Despite the high p-values, a notable pattern is that all exchanges that feature significance 

on general GH returns create positive deltas and vice versa. This pattern is slightly mirrored 

when looking at the GH SAD groupings. Helsinki, New Zealand, and Stockholm show a 
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positive (but insignificant) relationship with the SAD months. Toronto also manages to edge 

out a slightly positive difference, however, the most noticeable delta is achieved by the 

Singapore exchange at -0.32%, which again displays the reversed relationship. In the context 

of the paper’s primary hypothesis, these indicative mean comparison tests are not promising 

as far as providing a relationship, though the Nordic exchanges (associated with the most 

extreme latitudes in this study) do produce somewhat positive deltas. 

Table 5 – JT and GH trading returns in SAD groupings 

Exchange 
(12,6) momentum strategy (JT - WML) 

SAD Non-SAD ∆ P-value 

Helsinki 1.24% 1.04% 0.19% 47% 

New Zealand 0.73% 0.70% 0.02% 92% 

Singapore -0.18% 0.44% -0.61% 12% 

Stockholm 1.70% 1.10% 0.61% 10.0% 

Toronto -0.35% 0.21% -0.57% 36% 

          

Exchange 
52-week high strategy (GH - NMF) 

SAD Non-SAD ∆ P-value 

Helsinki 1.27% 1.16% 0.11% 69% 

New Zealand 0.66% 0.61% 0.04% 85% 

Singapore 0.22% 0.55% -0.32% 39% 

Stockholm 1.13% 1.04% 0.09% 87% 

Toronto -0.66% -0.71% 0.04% 94% 

4.2.1 Momentum Strategy Returns Without January 
Momentum trading returns may reverse in January due to tax-loss selling in which losing 

stocks are unloaded during December for tax write-offs and repurchased during January. This 

effect inflates the January returns and has shown to be a salient ramification in the context of 

momentum strategies. Notably, both GH (2004) and JT (1993 and 2001) discovered a 

significant increase in momentum profits when excluding January. As such, the trading results 

are reported once more, excluding January, as it may provide a more genuine portrait of the 

drivers behind momentum profits. 
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Table 6 show that the mean returns for the market decrease across all exchanges as 

expected, given the high raw returns for January observed in Table 3. Conversely, all five 

markets increase their JT momentum profits. Not only does the mean returns from the 

winning portfolios rise, but the losing portfolios fall, resulting in greater WMLs across all 

exchanges. The most extreme deltas are observed for the Nordic countries, with Stockholm at 

2.82% and Helsinki at 2.11%. For Helsinki, the losing portfolio now provides negative monthly 

mean returns highlighting how vital the January rebounds are for stocks with poor past 

performance in a momentum context. All exchanges generate significant differences with p-

values below <0.003% (where Singapore and Toronto did not beforehand). 

Table 6 – Market, JT, and GH monthly trading returns excluding January 

Exchange Market 
(12,6) momentum strategy (JT) 

Winner Loser WML (∆) P-value 

Helsinki 0.65% 1.67% -0.44% 2.11% <0.000% 

New Zealand 0.83% 1.48% 0.05% 1.43% <0.000% 

Singapore 0.85% 1.64% 0.08% 1.56% 0.001% 

Stockholm 1.41% 2.87% 0.05% 2.82% <0.000% 

Toronto 1.36% 2.25% 0.68% 1.58% 0.003% 
      

Exchange 
52-week high strategy (GH) 

Near Middle Far NMF (∆) P-value 

Helsinki 1.32% 0.74% -0.19% 1.51% <0.000% 

New Zealand 1.15% 0.84% 0.49% 0.66% <0.000% 

Singapore 1.17% 0.80% 0.67% 0.49% 17.6% 

Stockholm 1.93% 1.36% 0.93% 1.00% 0.12% 

Toronto 1.38% 1.30% 1.40% -0.03% 95% 

The change in results from excluding January are slightly less dramatic for the 52- week 

high anchoring strategy. Still, some interesting shifts occur for the means. Every single 

portfolio decreases in mean returns, however, the reductions are more pronounced for the 

Far portfolios, meaning that the NMF variable (which the current study uses to quantify 

anchoring) increases. Helsinki, New Zealand, and Stockholm remain the markets that show 

GH significance. Helsinki achieves the greatest delta at 1.51%, given that its Far portfolio now 
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provides negative returns, while Stockholm continues as the leading market in terms of 

profitability with its Near portfolio at 1.93%. Without January, the Toronto exchange now 

generates nearly identical returns across all three GH portfolios instead of showing a reverse 

relationship. The control exchange in Singapore also budges slightly in the right direction, as 

NMF becomes greater and the p-value (17.6%) becomes lower – but maintains insignificance. 

Table 7 once again puts the trading return differences into SAD context. However, the 

means remain insignificant from one another across all portfolios. For JT-based trading, all 

exchanges potentially affected by SAD in terms of latitude display a positive WML relationship 

with months of less daylight. Stockholm almost achieves a significantly different WML at 8.0% 

in p-value, whereas particularly New Zealand and Toronto produce nearly identical measures 

for each grouping. As for 52-week high associations, GH generates greater positive deltas for 

SAD months in the Helsinki, New Zealand, and Toronto markets, with Helsinki managing the 

greatest NMF for SAD at 1.61%. 

Table 7 – JT and GH trading returns in SAD groupings without January 

Exchange 
(12,6) momentum strategy (JT - WML) 

SAD Non-SAD ∆ P-value 

Helsinki 2.23% 1.97% 0.26% 28% 

New Zealand 1.45% 1.42% 0.02% 91% 

Singapore 1.12% 1.82% -0.70% 7.5% 

Stockholm 3.26% 2.58% 0.68% 8.0% 

Toronto 1.65% 1.62% 0.03% 94% 

          

Exchange 
52-week high strategy (GH - NMF) 

SAD Non-SAD ∆ P-value 

Helsinki 1.61% 1.42% 0.19% 53% 

New Zealand 0.74% 0.62% 0.11% 68% 

Singapore 0.20% 0.68% -0.48% 34% 

Stockholm 1.02% 1.06% -0.04% 93% 

Toronto 0.14% -0.12% 0.26% 68% 
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Similar to the trading returns with all months, Table 6 and 7 indicate no preliminary 

relationship between GH profits and SAD cycle. This may be better explained using the 

upcoming regression measures, however, what the paper has learned is that the data show 

highly significant profits surrounding both the JT and GH trading strategies. 

4.3 Anchoring Regressions 
As described in the methodology section, the regressions use the Near-Minus-Far measure 

as response variable and regress against estimates for prevailing SAD effects while controlling 

for pure momentum returns (JT) using the WML variable. Using these anchoring and SAD 

proxies, Table 8 reports the individual coefficients and their respective p-values to determine 

both relationship and significance. 

Considering parameter to parameter, the WML generates highly significant correlations 

across all exchanges. Given that the underlying for both variables are based on positive and 

negative stock price momentum, these results are as expected. The WML coefficients are 

positive and relatively similar for all markets (between 0.72 and 0.89) except for Singapore, 

where the relationship is much farther from one (0.11). This signifies that whenever WML 

increases by one, NMF increases by less, meaning that monthly differences between the top 

and bottom portfolios for JT trading are greater in magnitude than those of GH trading. These 

numbers are echoed by the results mentioned above, where JT trading generally provided 

greater returns than GH trading. In this sense, pure momentum (JT) may be driving 52-week 

high anchoring profits (GH) rather than the other way around as suggested by GH (2004) 

themselves. This effect may be even more pronounced for Singapore, as the WML parameter 

remains significant but correlated at a much lower magnitude. 

Looking at the primary SAD measure, none of the exchanges generate a significant 

relationship. Both Nordic countries have a slightly positive coefficient (though extremely 

small), meaning that potential anchoring does trend a little higher during decreased daylight. 

Here, Helsinki produces a high p-value of 85%. In contrast, Stockholm manages a somewhat 

lower p-value at 36% and therefore offers the least discouraging result in the context of this 

study’s hypothesis in Table 8. The negative SAD coefficients of Toronto and New Zealand 

suggest a reverse relationship, with Toronto having the lowest p-value of all the markets at 
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31%. Of course, the SAD measure for the Singapore exchange is highly irrelevant to NMF, 

given that it is practically a constant. 

Table 8 –Regression results including all months  

Response variable: 
NMF 

Helsinki New Zealand Singapore 

Coefficient P-value Coefficient P-value Coefficient P-value 

β SAD 0.0002 85% -0.0010 62% 0.0000 >99.9% 

β Precipitation <0.0000 67% -0.0001 42% 0.0000 >99.9% 

β Temperature 0.0002 18.7% -0.0006 21% 0.0016 38% 

β Autumn -0.0006 80% 0.0006 88% -0.0015 61% 

β WML 0.886 <0.000% 0.724 <0.000% 0.111 <0.000% 
       

Response variable: 
NMF 

Stockholm Toronto   

Coefficient P-value Coefficient P-value     

β SAD 0.0016 36% -0.0030 31%   

β Precipitation -0.0018 2.3% 0.0001 85%   

β Temperature 0.0005 6.9% -0.0006 1.4%   

β Autumn -0.0029 29% -0.0043 40%   

β WML 0.879 <0.000% 0.840 <0.000%     

       

As for the weather controls, the regression produces two significant individual 

relationships that may, to some extent, be spurious in nature. First, the temperature 

associations for the Toronto exchange have a p-value of 1.4% with a coefficient of -0.0006. 

That is, as temperatures increase, the NMF measure decreases. Temperature and daylight are 

highly co-dependent, yet half of the year is constant for the daylight measure (capped at 12 

hours), whereas temperatures do continue to fluctuate, which may be why it generates a 

significant relationship while the SAD measure does not. This also nearly happens for the 

Stockholm exchange, where the temperature parameter produces a p-value of 6.9%. What 

does happen for the NMF variable in Stockholm is a significant relationship with rainfall. With 

a coefficient of -0.0006, NFM only decreases slightly as precipitation increases. As shown in 

Appendix 1, rainfall for Stockholm does not fall symmetrically around winter solstice but 

rather a bimodal pattern with peaks in July-August and December. Thus, this extremely small 
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yet significant coefficient is hardly anything to makes notes of. The autumn dummy features 

large p-values as well, which, given that the primary SAD measures are insignificant is no 

surprise either. Lastly, the adjusted R-squared values are reported in Appendix 4 and indicate 

that a substantial amount of variation can be explained by the predictor variables (0.53-0.77). 

However, these large values are due to a high correlation with JT returns which can be 

observed by the adjacent R-squared values that describe the relationship without the WML 

control in the appendix. Without the WML explanatory variable, very little of the regression 

(SAD-related measures) can explain the changes in GH anchoring throughout the year. 

4.3.1 Anchoring Regressions Without January 
While the above results prove counter to the primary hypothesis, excluding January may 

provide different correlations that ultimately describe the relationship better because of the 

reasons previously outlined. Table 9 contains the regression results in the exact same manner. 

The WML variable performs similarly to before with significant p-values across all exchanges. 

However, the WML coefficient for nearly all markets (except Stockholm) now moves closer 

to one (between 0.82 and 0.92), indicating that a larger portion of momentum profits are 

explained by 52-week high anchoring as the NMF variable’s movement magnitude has 

increased in relation to WML. 

The SAD measure remains insignificant for all exchanges, however, the results for the 

Nordic exchanges move in an interesting direction. Helsinki substantially reduces its p-value 

down to 31% and increases its coefficient seven-fold to 0.0014, demonstrating an improvement 

in the relationship between GH anchoring and SAD effects when January is absent. Similar 

changes can be observed for the Stockholm exchange, as it retains its p-value while increasing 

the coefficient to 0.003. Toronto also sees a material reduction in p-value to 15.6%, however, 

the coefficient becomes even more negative, further indicating a reverse relationship to the 

number of night hours. Seemingly for these three exchanges, the exclusion of January tends 

to magnify the regression results for the SAD measure. As for New Zealand, the SAD measure 

is now even more insignificant and appears at a similar level as the control exchange of 

Singapore. 
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The climate control parameters now feature three significant yet extremely minor 

relationships as the temperature variable features p-values below 5% for Helsinki and New 

Zealand. Helsinki provides a positive association that runs counterintuitive to the hypothesis 

given the high correlation between daylight and temperatures. New Zealand does the reverse 

with a negative coefficient which may be due to the same rationale as previously mentioned 

for temperatures at the Toronto exchange (all months). The third significant relationship is 

again precipitation for Stockholm which now generates a slightly more negative association. 

Furthermore, for Stockholm, it now produces significance for the autumn dummy with a 

relatively meaningful (as compared to the other SAD multipliers) coefficient at -0.011. Such as 

relationship runs counter to the hypothesis that autumn months show increasing anchoring 

levels as depressing moods from SAD are rising.  

Table 9 –Regression results excluding January 

Explanatory 
variables 

Helsinki New Zealand Singapore 

Coefficient P-value Coefficient P-value Coefficient P-value 

β SAD 0.0014 31% 0.0000 99.6% 0.0000 >99.9% 

β Precipitation 0.0001 48% -0.0002 8.5% 0.0000 >99.9% 

β Temperature 0.0004 3.3% -0.0014 1.5% -0.0015 54% 

β Autumn -0.0036 33% -0.0009 84% 0.0015 71% 

β WML 0.915 <0.000% 0.820 <0.000% 0.819 <0.000% 
       

Explanatory 
variables 

Stockholm Toronto   

Coefficient P-value Coefficient P-value     

β SAD 0.0030 36% -0.0065 15.6%   

β Precipitation -0.0034 2.5% 0.0001 88%   

β Temperature 0.0005 32% -0.0006 11.4%   

β Autumn -0.0109 3.7% 0.0044 46%   

β WML 0.648 <0.000% 0.902 <0.000%     

4.4 Robustness Testing 
The analysis incorporates several elements that provide measures for how indicative and 

robust results are. Notably, the paper investigates returns including and excluding January, 

and regressions are observed while controlling for pure momentum profits (JT). However, one 
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can slice and dice the analysis in multiple ways. Two of these are now explored, with tables 

included in the appendix to conserve space and readability. First, only the SAD-related 

measures are regressed against the NMF variable to reveal largely insignificant results as well 

in Appendix 5. Considering both with and without January returns, only temperatures for the 

New Zealand exchanges achieve significance across all markets. Removing the WML variables 

does not substantially change the results. 

The applied timeframes are another critical aspect of momentum trading. GH (2004) also 

report robustness against a look-back window of six months for the JT returns, however, such 

setup comprises the comparability with GH-based returns as argued by, for example, Liu et 

al. (2011). Instead, the current study provides figures for an extended holding period of 12 

months, increasing the window in which information can prevail. Conversely, the returns may 

also be increasingly irrelevant concerning the initial basis for portfolio creation. Preceding 

studies broadly apply a six-month holding period, which the correct study also view as the 

more indicative holding period (Bhootra & Hur, 2013) (George et al., 2014) (Hao et al., 2016) 

(Liu et al., 2011) (Ma et al., 2017). Yet to provide context to this setup, Appendix 6 and 7 reports 

mean monthly returns for trading strategies and SAD groupings as well as regressions 

including and excluding January, respectively. 

Considering all months in Appendix 6, JT generally decreases in the differences between 

the Winner and Loser portfolios, though the pattern of significance remains. The same can be 

observed for the GH returns as all Far portfolios increase and Near portfolios decrease. This 

may indicate a slightly medium-term reversing effect as the stocks are held longer. The SAD 

groupings somewhat reshuffle. The Stockholm exchange manages NMF significance, 

however, not in a hypothesis confirming manner as the collective non-SAD months 

outperform the ones affected by SAD. The regression results display even higher levels of 

insignificance, and only the temperature variable for Helsinki manages a sub 5% p-value. On 

another note, the coefficient for the primary SAD measure is positive for the two Nordic 

exchanges. Such mixed results without significance further cement the lack of relationships 

between anchoring and SAD in the context of this study's setup. The softened patterns 

continue given the 12-month holding period excluding January. Yet, all exchanges still achieve 

significant JT returns and the same three markets for GH returns (Helsinki, New Zealand, and 
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Stockholm). Looking at the SAD groupings, a significant negative association is again 

generated by Singapore for JT returns. Stockholm further increases the GH delta with Non-

SAD at 1.08% and SAD at 0.76%, however, the p-values for the anchoring measures remain 

high. Notably, the regression results now report a significant positive correlation between 

NMF and the primary SAD measure, signaling that the increase in night hours coincides with 

increases in supposed 52-week high anchoring. Given the other insubstantial SAD-related 

results for Helsinki and that a 12-month holding period likely explains information beyond 

52-week high anchoring, the relationship may possibly be spurious. If anything, the broad 

changes in these alternative results demonstrate the unrelatedness to SAD even further. 

Discussion 
For the reflective section of the paper, the research questions posed during the 

introduction are first answered in the context of the analysis results. Then, the underlying 

reasons for such outcomes are discussed in detail related to the theoretical elements of the 

analysis. These aspects are continually associated with conclusions from previous research. 

Next, the paper reflects on other potential methodological avenues and approaches to answer 

the research questions. And lastly, the resulting implications for momentum traders are 

considered. 

5.1 Is 52-Week High Anchoring Affected by Moods? 
Given the analytical setup used in this study, there appears to be no discernible correlation 

between an increase in depressed moods from SAD and 52-week high anchoring returns. The 

associated SAD p-values (Table 8 and 9) all perform at an insignificant level when excluding 

January and when all months are considered. The least discouraging figures are produced for 

the Nordic exchanges located at the most extreme latitudes in the study, which trend 

improvingly in relation to the primary hypothesis as January is excluded but remains 

insignificant nevertheless. As such, the alternative hypothesis that the depressed moods 

brought on by SAD partially drive profits from a 52-week high trading strategy is ultimately 

rejected. 

This outcome extends to the first embedded sub-question in that the insignificant SAD 

correlations result in a lack of evidence to support that negative moods modify anchoring 
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effects. This is not to say that anchoring is not impacted by depressed moods but rather that 

the current study may be unable to capture the associations. Whether the analysis generates 

any substantial returns surrounding SAD, JT momentum trading without January nearly 

produces significant mean returns for the Stockholm exchange. However, so does the 

Singapore exchange, which is not supposed to exhibit SAD traits in connection to its non-

existent seasons as far as daylight exposure is concerned. This investigation (considering 

theory, methodology, and results) poses a substantial question mark to the theoretical link 

that SAD effects are expressed in financials given the presented method by previous literature 

that make such claims. Along with other aspects, this link is a central topic of discussion for 

the paper, given that it is the fundamental assumption made to conclude whether 52-week 

high anchoring is affected by depressed moods. 

5.2 Assessment and Reflection on the Underlying Causes 
Given the rejections of the alternative hypotheses, the paper now dives into the reasons 

why. First, considering the input variables and then considering the theoretical underpinnings 

of the research. 

5.2.1 On the 52-Week High Anchoring Measure 
The paper uses monthly Near-Minus-Far figures produced by a GH-focused trading 

strategy as detailed in the methodology. The intricacies of why NMF can indicate anchoring 

and statistical limitations concerning the analysis have previously been argued. However, a 

crucial aspect of this variable is what information the prices between the decision date and 

the sell date have captured. As outlined in the literature review, the current study approaches 

prices as the weak form of the efficient market hypothesis (Fama, 1970). The premise of stock 

market anchoring builds on the idea that not all news has been absorbed in the current prices. 

And the momentum strategy subsequently benefits as information later prevails – in theory. 

In this analysis, the period used to generate NMF figures is a six-month holding period as 

utilized by the majority of research on the matter, including the fathers of the strategy George 

and Hwang (2004). In this timeframe, the stock prices have the potential to experience 

numerous other effects separate from 52-week high anchoring, which may nudge the prices 

in alternative directions. However, by performing the trading pattern on a sufficiently large 

number of stocks and over sufficiently long time periods, the final returns have a chance to 
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cut through the noise, and a reveal significant relationship as seen by, for example, Liu et al. 

(2011) and George et al. (2015). Of course, correlation does not necessitate causation, and the 

driver behind the significant profits is the subject of those same studies, including the current 

study. This is why an essential feature of the study is comparisons with similar momentum 

approaches, as witnessed by the inclusion of the WML variable derived from JT (1993). 

All else equal, it can therefore be helpful to consider a different measure of selling than 

the static timeframe customarily applied. A strategy that separately unloads portfolio 

positions given how far the prices have moved away from their 52-week high since the initial 

purchases may prove better at reflecting the 52-week high anchoring effects. That is, once the 

price of GH buy has distanced itself from the 52-week high proximity that triggered the buy 

in the first place, traders could consider the information to have prevailed. Instead of waiting 

a certain period (six months) and selling with the assumption that the anchoring effects have 

vanished. Such a momentum trading setup can quickly become convoluted, and by the end, 

one may possibly enter the realm of algorithmic trading. The momentum studies mentioned 

in this paper mostly implemented more simple automatic trading strategies but the potential 

to formulate and perform a strategy that better captures 52-week high anchoring feasible. This 

can justify a thesis on its own, and given that the primary research questions relating to SAD 

and implications of depressed moods as well, the methodology has relied on previous well-

regarded literature to explain anchoring effects (GH).  

5.2.2 On the Seasonal Affective Disorder Measure 
The limitations of the SAD variable by proxy of latitude have already seen much attention 

throughout the paper. One cannot definitively conclude that there is an infallible relationship 

given that some clinical studies have resulted against the latitude hypothesis (Partonen et al., 

1993) (Levitt & Boyle, 1997). Yet, a thorough review of the literature reveals even greater 

evidence that manages to establish a significant relationship, such as Potkin et al. (1986) and 

Rosen et al. (1990). An important factor to consider is that several of the above studies argue 

the necessity to control for local climatic factors, including precipitation, temperature, and 

cloudiness. And the data for these input variables in the current study were not flawless, given 

the use of monthly means for rainfall and temperature. 
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Furthermore, the relationship between SAD and geographical location is rather complex. 

Magnusson and Stefansson (1993) highlight this perfectly well as they discovered that people 

living in Iceland had lower propensities for suffering SAD than people in the North-East of 

the United States – a location situated at a much lower latitude. Meanwhile, they also found 

that Icelandic descendants living in Canada experienced lower levels of SAD than the 

indigenous people, implying the importance of genetics when considering SAD in 

populations.  

5.2.2.1 Geographical Approximation to Stock Exchanges and SAD Populations 

Looking past the nuanced relationship between SAD and latitude, the current study (as 

previous studies alike) uses the stock exchanges at which the stock is listed to approximate 

where the relevant traders are located. However, stock exchanges have long been exposed to 

foreign investments, and the exchanges featured here are no exception as 30-45% of trading 

seem to originate from abroad (as detailed in the methodology). This can present a substantial 

proportion of the prices captured in the data. This is further combined with the SAD 

population rates from epidemiological studies that indicate a maximum of 10% prevalence at 

most northern locations in the world (or southern for the Southern Hemisphere) (Magnusson, 

2000) (Nolen-Hoeksema, 2014). Well-regard studies connecting SAD by proxy of stock 

exchanges to the financial markets, such as Kamstra et al. (2003) and Dolvin & Pyles (2007), 

conclude an overall compelling relationship, however, not all of their results demonstrated 

significance. And at some point, the proportions of traders that one can comfortably assume 

to experience depressed moods from SAD water down. Perhaps to such a degree, not enough 

marginal traders are affected to significantly push prices up or down. Or simply that this sub-

group of investors are not the ones trading on the margin. If information justifies a greater 

stock price and traders that do not experience increased anchoring from depressed moods 

wish to bid up the price they can and will. Principally, SAD sufferers can be marginal traders 

and set prices even if they are relatively small in numbers. For this to happen, however, they 

must actually be trading on the margins. This may not be the case and can likely be a reason 

why no SAD relationships are observed.  
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5.2.3 On the Effect Between Depressed Moods and Anchoring 
These previous studies between SAD and the financial markets (ibid) lend themselves to 

the mechanism that negative moods tend to increase risk aversion, resulting in less 

engagement with risky assets (stocks) during times of heightened SAD. The increase in risk 

aversion from depressed moods follows the Affect Infusion Model (AIM), which states that 

positive moods lead to greater risk tolerance and vice versa (Grable & Roszkowski, 2008). 

Individuals affected by good moods pay more attention to positive cues and view them as 

representative for potential outcomes. In an expected utility sense (Ackert & Deaves, 2009), 

positive moods increase the probabilities for favorable outcomes and decrease probabilities 

for poor outcomes – and vice versa, given depressed moods. However, research also presents 

the contrasting Mood Maintenance Model, which states that positive moods lead to greater 

risk aversion as these individuals act more carefully to preserve their current state of mood 

(Grable & Roszkowski, 2008). Conversely, people in negative moods are willing to carry more 

risk to obtain a different mood.  

(Interestingly, the dynamics of the Mood Maintenance Hypothesis (MMH) can be related 

to those of Prospect Theory (Kahneman & Tversky, 1974) if one considers the valence of the 

moods as representative for the gain and loss domains where a neutral mood is then the 

reference point. When a trader enters the gain domain (positive mood), they become more 

risk-averse and sell the stock to lock in profits. On the other hand, when entering the loss 

domain (depressed moods), traders become more risk-seeking given that they keep the stock 

to avoid realizing losses due to loss aversion (Shefrin & Statman, 1985). This pattern is known 

as the disposition effect and presents an interesting caveat in relation to previous studies on 

SAD and stock markets as the individual investors’ reference point may affect the implications 

between the state of mood and risk tolerance. Such an approach is slightly unrelated to the 

current paper and could potentially constitute a thesis on its own.) 

Though the AIM seemingly features greater academic support (Chou, Lee & Ho, 2007) 

(Johnson & Tversky, 1983) (Grable & Roszkowski, 2008), the competing psychological 

mechanisms present a nuanced dilemma as the two trains of thoughts flip the supposed 

theoretical implications on stock prices. The reason that the current paper mentions this is to 

illustrate that similar papers (for example, Dolvin and Pyles (2007)) that conclude significant 
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relationships, underlyingly dealt with opposing psychological views on the impact of negative 

moods in much the same way as this study. 

The theories as to how mood states subsequently affect anchoring levels seem highly 

dependent on deliberation. That is, do individuals engage in more systemic processing or 

more heuristics thinking with moods, and does cognitive behavior surrounding anchoring 

constitute a deviation from conventional thinking that less systemic processing equals greater 

heuristic engagement. Similar to the interaction mentioned above between AIM and MMH, 

the two prevailing models for anchoring present different results in relation to moods, given 

the presence of deliberation or not. The anchoring and adjustment model suggests that 

greater levels of systematic processing limit the anchoring effects as individuals more 

sufficiently adjust away their estimates away from the anchor. The selective accessibility 

model suggests the opposite as greater deliberation increases the amount of information that 

confirms the estimate of the anchor. These cognitive relationships are generally hypothesized 

by proponents of each anchoring mechanism, however, two central studies tackle the 

prepositions experimentally. 

First, Bodenhausen et al. (2000) propose a shift from the usual paradigm to suggest that 

greater deliberation makes individuals devote more focus to the anchor, thereby increasing 

its potency. As opposed to the other study by Estrada et al. (1997), Bodenhausen and company 

provide more holistic results as they discover positive relationships for negative moods with 

both the magnitude of the anchor and anchors of positive valence. If true, future 

methodologies that seek to uncover similar relationships as the current study can potentially 

consider, for example, the relative size of the anchors. That is, a greater absolute number for 

the 52-week high may encourage the increased anchoring when considering negative moods 

(for example, prices at 2300 USD versus 10 USD per share). Estrada et al. (1997) find similar 

results that indirectly connect depressed moods with increased anchoring but offer the 

reverse explanation where positively affected individuals are less prone to anchoring given 

more efficient problem-solving. 

To further complicate the relationship, one can consider emotions in a non-valence-based 

environment. Using the Appraisal-Tendency Framework (Lerner, Han & Keltner, 2007), 

which, for example, help characterize emotions with higher or lower levels of certainty, Inbar 
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and Gilovich (2011) examined the role of emotional certainty on anchoring effects. They found 

that people experiencing high-certainty emotions, such as anger and disgust, displayed lower 

anchoring levels compared to individuals who exhibited low-certainty emotions, such as fear 

and sadness. Emotions associated with symptoms of depression can belong in either certainty 

category, and classifying them as the same (negative moods) may confound the effects on 

anchoring. 

Thus, before considering a deep theoretical link to stock markets using the equation that 

negative moods increase anchoring as presented in the current study, one could argue that 

more research is required to establish a more solid relationship than presented above. Merely 

considering first principle-based thinking would result in supposedly less 52-week high 

anchoring during SAD-affected months as cognitive psychology broadly suggests that 

depressed moods foster less heuristic behavior. 

5.2.4 On the Effect Between 52-Week High Anchoring and Stock Markets 
The paper previously reflected on the NMF variable used to determine the prevalence of 

52-week high anchoring, however, several other aspects noticeably affect stock market 

anchoring. Importantly, the current study primarily concludes on whether SAD is an apparent 

driver of 52-week high returns (which seems not to be the case) and not to whether the stock 

exchanges exhibit GH-profits during the sample period. Yet, to investigate how degrees of 

anchoring change, anchoring most, first of all, be prevalent. As regurgitate profusely at this 

point, extensive literature demonstrates significant anchoring around the 52-week high price. 

However, the significance does not apply to all markets worldwide as some of the exact same 

research detail.  

They were exemplified by Liu, Liu, & Ma (2011), who found significant GH profits in only 

ten of 20 international markets, where the overlapping markets with the current study include 

Canada, Singapore, and Sweden. And just like the mean return comparison results from Table 

4 and 6, Liu et al. find no significance from GH momentum trading in Canada and Singapore 

but strong relationships in Sweden – the other nine markets that feature significance include 

eight other European markets and Hong Kong. While GH (2004) shows that 52-week 

anchoring may drive JT momentum profits given GH profits exceed the JT profits in their 

study, Liu et al. find that the profits from each strategy exist independently of one another. 
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This is argued given that running the GH strategy on the sub-group of stocks from a JT 

strategy and vice versa. For the overlapping Swedish market, they do indeed discover 

significance once again. One may argue that this does not necessarily present robust causation 

(in terms of independence) given that the Near sub-portfolio of a JT Winner portfolio may 

simply resemble the winners among the winners. Considering particularly that the proportion 

of stock picks remain 30% of the entire market. Bhootra and Hur (2013) find evidence to 

support stronger GH anchoring profits for a 10% cutoff ratio, and one may wonder if the 

independence claims from Liu et al. would hold under such conditions. At such a point, 

however, an analysis may suffer representative issues as too few stocks would enter the final 

portfolio if the exchange does not feature +1,000 listings. 

The current study, therefore, operates under the original argument from GH (2004), 

where 52-weel high anchoring profits may drive JT momentum profits to some degree than 

exist completely independent of other momentum strategies. As per the analysis results, JT 

seems consistently outperform GH for the international markets used. Mean returns are 

greater across all exchanges, and when WML is regressed against NMF, the coefficients are 

positive but persistently below one at an average of 0.82 when excluding January returns. 

Thus, GH does not outperform JT in the current dataset. In fact, the mean returns that nearly 

achieved significance between SAD and Non-SAD groupings where the JT returns excluding 

January for Stockholm. If JT returns exhibit significantly improved profits for portfolios 

created during SAD-affected months, it would rather be due to increased risk aversion, 

pushing the prices down. An effect that vanishes as daylight increases, risk tolerance returns 

to the status quo, and the stock prices in the portfolio increase (the relationship as described 

in the previous sub-chapter). In light of this link, it remains reasonable to control for WML in 

the regression analysis – however, even without the WML explanatory variable, the SAD 

measure fails to reach significance for any exchange in the current study (Appendix 5). 

On another side note, studies that investigate the presence of momentum trading returns 

often consider if long-term reversals occur (DeBondt & Thaler, 1985). For example, are the 

significant profits from GH trading followed by a period of sub-par returns that can cancel out 

gains if the assets are held? Studies, such as GH (2004) and Liu et al. (2011), do not find long-

term reversal, and the phenomenon has not been considered in the current study given that 
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the possible presence of such an effect would not change the results concerning the research 

questions. 

5.2.4.1 Recency Bias? 

An obvious yet important repercussion of these results is the indication that markets seem 

to not exhibit semi-strong efficiency. The nearness to the 52-week high constitutes public 

information and should be reflected in the price if this was the case. Notably, the current study 

does not consider the transaction costs from buying and selling the monthly portfolios. 

Previous research by Liu et al. (2011) found that the difference between including and 

excluding transaction costs constitute a change in significance for both JT and GH profits. 

Many heuristics contribute to the evidential criticism of efficient markets, such as 

overconfidence, overreaction, and information bias. Another heuristic that seems to relate to 

52-week high anchoring is recency bias. That is, the effect that individuals tend to overweight 

recent events over historic. Bhootra and Hur (2013) found that stocks currently or recently 

trading at their 52-week high perform better in the context of the trading strategy. As such, 

investors may be further disinclined to bid prices up given positive news if the anchor is more 

recent in nature. This can suggest a dual heuristic effect as both anchoring and recency 

contribute to temporarily reduce the true value of a stock until information prevails. At least, 

this is the theory formulated by Hao et al. (2016), who found additional evidence to support a 

recency bias effect at the 52-week high in the Taiwanese market. However, this recency effect 

is bound to overlap with conventional momentum strategies such as JT, given that stock 

currently trading at their 52-week likely also features favorable past performance. A type of 

recency bias may be embedded in the significant JT profits. One can argue that if investors 

overly rely on recent price levels to appraise stock value, they may see recent positive 

performance indicating future returns and bid up the price further. However, eventually one 

would suspect information to prevail and prices to fall subsequently. And given the lack of 

long-term reversals in some JT returns as observed by, for example, GH (2004), this 

explanation is not likely to holistically account for return discrepancy generate by momentum 

strategies. Rather the recency bias effect may likely be due to increasing the strength of the 

anchor, as Bhootra and Hur (2013) suggest. A curious find from Hao et al. (2016) is that in 
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years until 2000, a 52-week high recency bias strategy was not sensitive to January returns as 

is the case with GH returns, which brings the paper to the next subject of interest. 

5.2.4.2 The January Effect 

Performing data analysis with and without January returns included reveal district January 

effects. Particularly for JT trading, the rebound return from investors selling losing stocks 

during December to the re-enter in January appears salient. This pattern decreases the 

significance of JT momentum trading as investors are long the Winner portfolio. Excluding 

January, all exchanges achieve significant JT returns, and all differences (WML) become more 

prominent. Several other factors can attribute this phenomenon beyond tax-loss harvesting 

and buybacks. For example, investor psychology as people follow through on New Year’s 

resolutions or believe that January is a more suitable month to start investing. Other research 

has proposed that positive performance during January (as seen by the raw returns in Table 

3) are partially caused by mutual funds unloading loser and buying winners to appear with 

greater performance, also known as window dressing (Lakonishok et al., 1991). However, a 

window dressing pattern does not explain the extraordinary performances by the JT Loser 

portfolios in January, which are ultimately more in line with a tax-loss selling effect. The 

January effect is generally less significant for the GH returns where the difference between the 

Near and Far portfolio change slightly in favor of GH profitability. This adds support to the 

theory of tax-loss selling, given that only some of the winner stocks and losers stocks from JT 

trading would overlap with their respective GH portfolios, resulting in less of a favorable 

January effect for GH trading. As such, the current paper suspects the results excluding 

January to provide better representativeness for the underlying anchoring behavior. 

Nevertheless, the results investigating SAD effects remain insignificant either way. 

5.3 Implications for Momentum Traders 
Despite this insignificance, there may yet be slight takeaways for momentum traders who 

seek to benefit from GH or JT-based strategies. The Winner portfolios from JT reveal the 

overall most profitable strategy as compared to the market. Here, traders may consider 

investment opportunity costs during January where the overall profitability decreases. That 

is, sell and repurchases their portfolios given alternatives – not considering possible 

transaction costs. The Near portfolios from GH also present a profitable strategy against the 
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market (except Toronto), especially in the Nordic markets. Stockholm and Helsinki also 

appear as the stock exchanges that come closest to produce positive significance around SAD 

(concerning JT). Thus, if a trader aims to form portfolios less frequently than monthly, it can 

be worth considering SAD-affected months. All in all, however, periods of SAD do not seem 

to be a prominent timing aspect for traders to consider – particularly concerning a 52-week 

high strategy.  

5.4 Future Research 
The current paper has previously alluded to future research avenues. Reviewing the 

theoretical link that serves as the foundation for the primary hypothesis prompts several areas 

in which improvement can benefit studies similar to the current. The link between SAD and 

latitude has already seen much literature to reveal a nuanced relationship. Couple with 

research on financial markets that broadly seem to use stock exchanges as investor location 

proxies, and the groupings of supposedly depressed investors may become too weak. It is 

mentioned in the introduction that global depression has had a meteoric rise during the 21st 

century thus far - an 18.7% increase within the latest decades and further increasing levels 

following the corona pandemic. This presents a shift over time that may be exploitable in 

regards to stock market research on depressed moods. Future research may be able to leverage 

this development and perhaps even combine it with SAD to create variables that better proxy 

levels in depressed stock market behavior. 

The next link between depressed moods and increased anchoring is limited in 

experimental research. Bodenhausen et al. (2000) provide an excellent study, yet it could be 

helpful to document increased anchoring during depressive moods in other settings. As for 

the last link, the discussion previously argued that one might be able to create a trading 

strategy to better capture 52-week high anchoring profits. For example, a strategy in which a 

stock is purchased given its nearness to its 52-week high and then sold when its 52-week high 

ratio becomes insufficient to include it in the Near portfolio again - rather than sell it at the 

end of a static window. Countless events may influence price movement during a six-month 

period, and seeking to limit other factors than the associated 52-week high anchoring seems 

a reasonable idea. 
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Conclusion 
This thesis has addressed the theoretical relationship between depressed moods and 

heightened levels of anchoring using seasonal affective disorder in the context of stock 

markets. This is of particular importance to the seasonal impact on a George and Hwang 

(2004) 52-week high anchoring strategy and how SAD can affect stock market behavior. The 

link has been empirically examined on the basis of stock exchanges representing various 

latitudes that ought to exhibit significantly increased depression during times of less daylight. 

Several research questions were formed at the beginning of the thesis. The primary 

hypothesis addresses whether 52-week high anchoring profits correlate with the intensity of 

SAD with the underlying premise that anchoring profits are greater when portfolios are 

formed during SAD-affected months. Given the research design, the paper demonstrates 

salient anchoring returns in three of the five markets (Helsinki, New Zealand, and Stockholm), 

but no significant relationships exist with SAD, supported by mean comparison testing and 

regression analysis. The general distribution of anchoring returns seems random by nature, 

with only a few spurious p-values for the climate control variables and fall dummy. The 

anchoring returns are highly correlated with momentum returns based on favorable past 

performance, ultimately providing a more profitable strategy. Notably, both trading strategies 

exhibit January effects, decreasing the magnitude of overperformance between the top and 

bottom portfolios. Bottom portfolios achieve substantial returns in January, likely due to tax-

loss harvesting and repurchases. 

Well-regarded literature previously demonstrates that SAD influences stock markets (e.g., 

Kamstra et al. 2003), however, arguing for the theoretical setup of the thesis, one discovers 

potential pitfalls with the underlying methodology. Assuming that SAD prevalence can be 

estimated purely by geographical location is not conclusively supported by the literature, 

where several studies find no significant correlation with latitudes and others implicate 

climatic conditions and genetics. The dynamics of non-SAD-affected investors may also be 

problematic concerning a 52-week high anchoring relationship. Traders in depressed moods 

are hypothesized to be more reluctant to bid up prices given price nearness to the 52-week 

high. However, not all investors experience depressed moods during SAD-affected months. 

Furthermore, the study approximates investor location by stock exchange, but a substantial 
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number of traders are foreign and possibly residence at any different latitude. Unaffected 

investors may rely on the 52-week high anchor to a lesser extent and bid up prices (given 

positive information) to the same degree as during periods with lower SAD prevalence. Thus, 

the increased anchoring from depressed moods may not come to expression in the market. 

Not because the effects are untrue but because the dynamics do not allow the SAD-affected 

individuals to be the marginal traders. The thesis also considers the ability of a GH 52-week 

high trading strategy to capture anchoring effects. Portfolios are formed based on their 

proximity ratio to the 52-week high and then held for six months to enable suppressed 

information to prevail. The six-month holding period is broadly applied and acknowledged 

within the literature, however, prices may be subject to numerous influences during six 

months which a GH strategy does not limit. If a price moves beyond the nearness criteria 

during the holding window (e.g., decreases to such a degree that it is no longer close), the 52-

week high anchoring effects can be assumed absent, but the portfolio return continues to be 

influenced until the static timeframe ends. 

The insignificant results extend to the sub-hypotheses, in which the thesis does not 

generate additional evidence to support that depressed moods encourage anchoring or that 

stock markets are further affected by SAD. For the depressed moods association, one cannot 

classify the current results as an indication of no relationship. Rather the thesis must accept 

that it seems unable to provide substantial context to this question given the limitation of the 

research design. As to whether SAD constitutes a potent impact on stock markets, the paper 

contributes with a reserved perspective as the underlying latitude assumptions may not be as 

strong as initially presented in previous relevant financial literature. 

Based on the findings, 52-week high anchoring profits do not seem to be driven by the 

depressive effects of SAD. The results provide inadequate evidence as to whether this extends 

beyond SAD and 52-week high anchoring due to the argued limitations, which may cause a 

notable disconnect from the thesis’s sub-hypotheses. 
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Appendix 
Appendix 1 – Monthly precipitation and temperature averages for the exchange locations 

Month 
Helsinki Singapore Stockholm 

Rainfall Temp Rainfall Temp Rainfall Temp 

January 36.0 -4 79.8 28 8.7 -1 

February 26.0 -4 32.6 28 6.8 -1 

March 19.1 -1 73.9 29 6.1 1 

April 16.3 4 76.5 29 4.9 6 

May 16.4 10 70.3 29 5.2 11 

June 30.6 15 50.4 29 8.9 15 

July 23.3 18 63.8 28 10.3 18 

August 42.1 16 60.6 28 10.2 17 

September 34.3 11 54.5 28 8.4 12 

October 43.4 6 71.5 29 7.5 7 

November 42.3 2 119.4 28 9.6 3 

December 39.8 -2 147.9 28 10.4 0 
       

Month 
Toronto Wellington   

Rainfall Temp Rainfall Temp     

January 30.2 -5 55.0 18     

February 24.1 -5 46.1 17   

March 24.4 0 66.1 16   

April 43.6 7 70.9 15   

May 42.0 14 89.2 12   

June 40.9 24 98.3 10   

July 42.6 22 105.7 9   

August 32.0 21 100.1 10   

September 36.6 17 66.3 11   

October 37.2 10 91.0 12   

November 32.5 4 39.0 14   

December 33.1 -1 63.2 16     



Page 71 of 76 
 

Appendix 2 – Skewness, kurtosis, and Shapiro-Wilk p-value for monthly returns 

Exchange Skewness Kurtosis 
Shapiro-

Wilk 

Helsinki -0.8 4.0 <0.00% 

New Zealand -2.3 16.1 <0.00% 

Singapore -2.1 14.4 <0.00% 

Stockholm -1.2 5.8 <0.00% 

Toronto -1.4 11.6 <0.00% 

Appendix 3 – Monthly market returns given six-month holding period on SAD groupings 

All Months: 

Exchange 
Market 

SAD Non-SAD ∆ P-value 

Helsinki 1.17% 0.94% 0.24% 44.0% 

New Zealand 0.98% 0.81% 0.17% 42.6% 

Singapore 1.51% 0.89% 0.61% 15.7% 

Stockholm 1.79% 1.25% 0.55% 9.6% 

Toronto 1.77% 1.64% 0.13% 65% 

Without January: 

Exchange 
Market 

SAD Non-SAD ∆ P-value 

Helsinki 0.69% 0.63% 0.06% 86% 

New Zealand 0.86% 0.80% 0.06% 78% 

Singapore 1.23% 0.63% 0.60% 19.4% 

Stockholm 1.72% 1.23% 0.49% 16.3% 

Toronto 1.32% 1.39% -0.07% 65% 

Appendix 4 – Adjusted R-squared values 

Exchange 
All months Excluding Jan 

Regular Excl. WML Regular Excl. WML 

Helsinki 0.74 -0.010 0.64 0.018 

New Zealand 0.53 0.012 0.47 0.019 

Singapore 0.71 0.007 0.49 0.001 

Stockholm 0.77 -0.005 0.34 -0.007 
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Toronto 0.60 0.006 0.41 -0.005 

Appendix 5 – Regression results without WML control variable 

All Months: 

Explanatory 
variables 

Helsinki New Zealand Singapore 

Coefficient P-value Coefficient P-value Coefficient P-value 

β SAD -0.0008 71% -0.0031 29% 0.0000 >99.9% 

β Precipitation 0.0002 26% -0.0001 33% 0.0000 >99.9% 

β Temperature 0.0000 91% -0.0016 1.9% 0.0016 60% 

β Autumn -0.0017 70% 0.0015 79% -0.0043 41% 
       

Explanatory 
variables 

Stockholm Toronto   

Coefficient P-value Coefficient P-value     

β SAD 0.0008 83% -0.0061 19.6%     

β Precipitation -0.0016 34% 0.0002 64%   

β Temperature 0.0000 94% -0.0007 8.3%   

β Autumn -0.0011 85% -0.0022 79%     

Without January: 

Explanatory 
variables 

Helsinki New Zealand Singapore 

Coefficient P-value Coefficient P-value Coefficient P-value 

β SAD 0.0008 73% -0.0031 35% 0.0000 >99.9% 

β Precipitation 0.0002 66% -0.0001 26% 0.0000 >99.9% 

β Temperature 0.0003 31% -0.0020 1.0% 0.0001 97% 

β Autumn 0.0027 65% 0.0009 89% -0.0054 34% 
       

Explanatory 
variables 

Stockholm Toronto   

Coefficient P-value Coefficient P-value     

β SAD 0.0003 94% -0.0088 14.1%     

β Precipitation -0.0014 44% 0.0000 99%   

β Temperature 0.0000 95% -0.0006 30%   

β Autumn -0.0026 68% 0.0110 15.6%     
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Appendix 6 – Robustness testing with 12-month holding (all months) 

Trading strategies: 

Exchange Market 
(12,12) momentum strategy (JD) 

Winner Loser WML (∆) P-value 

Helsinki 1.08% 1.49% 0.70% 0.79% 0.002% 

New Zealand 0.88% 1.04% 0.60% 0.44% 0.057% 

Singapore 1.18% 1.30% 1.22% 0.08% 72% 

Stockholm 1.52% 2.15% 1.07% 1.08% <0.00% 

Toronto 1.69% 1.80% 1.99% -0.19% 42% 
      

Exchange 
52-week high strategy (GH) 

Near Middle Far NMF (∆) P-value 

Helsinki 1.50% 1.12% 0.58% 0.91% 0.0001% 

New Zealand 1.15% 0.84% 0.65% 0.49% 0.012% 

Singapore 1.33% 1.15% 1.11% 0.21% 35% 

Stockholm 1.92% 1.53% 1.12% 0.81% 0.002% 

Toronto 1.44% 1.53% 2.17% -0.73% 0.60% 

SAD/Non-SAD groupings: 

Exchange 
Market 

SAD Non-SAD ∆ P-value 

Helsinki 1.11% 1.06% 0.06% 81% 

New Zealand 0.84% 0.91% -0.07% 58% 

Singapore 1.26% 1.13% 0.14% 65% 

Stockholm 20.73% 19.27% 1.46% 67% 

Toronto 1.79% 1.62% 0.16% 57% 

          

Exchange 
(12,6) momentum strategy (JD - WML) 

SAD Non-SAD ∆ P-value 

Helsinki 0.76% 0.91% -0.16% 47% 

New Zealand 0.52% 0.42% 0.10% 55% 

Singapore -0.20% 0.30% -0.50% 6.2% 

Stockholm 1.03% 1.32% -0.28% 22% 

Toronto -0.51% -0.10% -0.40% 42% 
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Exchange 
52-week high strategy (GH - NMF) 

SAD Non-SAD ∆ P-value 

Helsinki 0.79% 1.09% -0.29% 17.3% 

New Zealand 0.69% 0.41% 0.29% 10% 

Singapore 0.04% 0.37% -0.33% 23% 

Stockholm 0.63% 1.09% -0.46% 5.8% 

Toronto -1.23% -0.74% -0.49% 40% 

Regressions: 

Explanatory 
variables 

Helsinki New Zealand Singapore 

Coefficient P-value Coefficient P-value Coefficient P-value 

β SAD 0.0006 45% 0.0013 34% 0.0000 >99.9% 

β Precipitation -0.0001 44% 0.0000 32% 0.0000 >99.9% 

β Temperature 0.0003 1.51% -0.0003 34% 0.0012 52% 

β Autumn 0.0010 57% -0.0014 60% 0.0009 77% 

β WML 0.920 <0.000% 0.796 <0.000% 0.045 <0.000% 
       

Explanatory 
variables 

Stockholm Toronto   

Coefficient P-value Coefficient P-value     

β SAD 0.0004 76% -0.0006 79%   

β Precipitation -0.0007 22% 0.0000 96%   

β Temperature 0.0001 51% 0.0000 97%   

β Autumn -0.0006 76% -0.0006 88%   

β WML 0.891 <0.000% 0.894 <0.000%     
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Appendix 7 – Robustness testing with 12-month holding (excluding January) 

Trading strategies: 

Exchange Market 
(12,12) momentum strategy (JD) 

Winner Loser WML (∆) P-value 

Helsinki 0.71% 1.43% -0.01% 1.44% <0.000% 

New Zealand 0.82% 1.17% 0.34% 0.83% <0.000% 

Singapore 0.84% 1.29% 0.39% 0.90% 0.005% 

Stockholm 1.48% 2.60% 0.48% 2.12% 0.000% 

Toronto 1.36% 1.82% 1.15% 0.67% 0.82% 
      

Exchange 
52-week high strategy (GH) 

Near Middle Far NMF (∆) P-value 

Helsinki 1.22% 0.74% 0.09% 1.14% <0.000% 

New Zealand 1.10% 0.80% 0.56% 0.54% 0.001% 

Singapore 1.05% 0.81% 0.67% 0.38% 7.9% 

Stockholm 1.91% 1.41% 1.14% 0.77% 0.04% 

Toronto 1.31% 1.29% 1.60% -0.28% 31% 

SAD/Non-SAD groupings: 

Exchange 
Market 

SAD Non-SAD ∆ P-value 

Helsinki 0.75% 0.69% 0.06% 80% 

New Zealand 0.80% 0.84% -0.03% 80% 

Singapore 0.90% 0.81% 0.10% 75% 

Stockholm 1.62% 1.41% 0.21% 47% 

Toronto 1.49% 1.29% 0.19% 53% 
     

Exchange 
(12,6) momentum strategy (JD - WML) 

SAD Non-SAD ∆ P-value 

Helsinki 1.37% 1.47% -0.10% 61% 

New Zealand 0.83% 0.89% -0.06% 67% 

Singapore 0.62% 1.12% -0.50% 3.6% 

Stockholm 2.08% 2.30% -0.22% 35% 

Toronto 0.75% 0.75% 0.00% >99.9% 
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Exchange 
52-week high strategy (GH - NMF) 

SAD Non-SAD ∆ P-value 

Helsinki 1.03% 1.21% -0.18% 43% 

New Zealand 0.65% 0.50% 0.15% 39% 

Singapore 0.17% 0.54% -0.36% 22% 

Stockholm 0.76% 1.08% -0.32% 21% 

Toronto -0.87% -0.05% -0.81% 16% 

Regressions: 

Explanatory 
variables 

Helsinki New Zealand Singapore 

Coefficient P-value Coefficient P-value Coefficient P-value 

β SAD 0.0021 2.5% 0.0003 83% 0.0000 >99.9% 

β Precipitation -0.0001 67% -0.0001 11.1% 0.0000 >99.9% 

β Temperature 0.0005 0.03% -0.0006 10.1% -0.0004 81% 

β Autumn -0.0005 85% 0.0016 58% 0.0009 75% 

β WML 0.953 <0.000% 0.841 <0.000% 0.806 <0.000% 
       

Explanatory 
variables 

Stockholm Toronto   

Coefficient P-value Coefficient P-value     

β SAD -0.0002 93% -0.0022 39%   

β Precipitation -0.0003 77% 0.0000 91%   

β Temperature 0.0001 74% 0.0000 93%   

β Autumn -0.0019 55% -0.0015 65%   

β WML 0.754 <0.000% 0.978 <0.000%     

 


