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 In investing, what is comfortable is rarely profitable. 
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Introduction  

During my studies in Oslo, Norway, my International Corporate Finance teacher made an intriguing 
statement: "Decrease in Home Bias allows for a decrease in the cost of capital." Curiosity piqued, I 
sought clarification on the concept of Home Bias, and my teacher proceeded to offer a concise 
explanation of its significance. This encounter marked the inception of this thesis, as I decided to 
explore the phenomenon of Home Bias more in depth.  
 
But what is the Home Bias ? Home Bias, a pervasive phenomenon observed among most investors, 
frequently remains unnoticed or unacknowledged. It entails the tendency for investors to overweight 
domestic assets within their portfolios, while neglecting foreign securities, despite their awareness of 
the evident advantages of diversification (French and Poterba, 1991). 
 
Portfolio diversification is a concept that should be known by every investor consisting in a strategic 
allocation of investments across different asset classes, industries, and geographic regions to minimize 
risk and optimize returns. By spreading investments across a variety of assets, such as stocks, bonds, 
and commodities, diversification aims to reduce the impact of volatility in any single asset or market 
segment. This approach leverages the principle of non-correlation among assets, where movements 
in one asset may not directly correspond to movements in another. This axiom was notably spotted in 
the work of Markowitz (1959).  
 
Eager to shed light on this intriguing aspect of investment behavior, I embarked on a journey to unravel 
its complexities. This thesis aims to provide a comprehensive analysis of Home Bias, focusing on its 
evolution over time, disparities among European nations, factors supporting its persistence and those 
allowing for a decrease, as well as distinctions between optimal allocations and realizations beyond 
the domestic realm (Foreign Bias). 
 
As I delved into preliminary research, I found myself contemplating a cascade of questions:  How long 
has Home Bias been observed ? Does it stay constant or evolve over time? Is it a universal phenomenon 
experienced by all investors? What factors influence its manifestation? To gain initial insights, I went 
aboard on a surface-level exploration of existing literature, seeking at first quick answers to my 
inquiries. 
 
As my exploration deepened, I arrived at a preliminary and admittedly simplistic hypothesis: "Could 
Home Biases be diminishing over time due to advancements in information technology and 
globalization ?" At first glance, such a proposition seemed logical, considering the transformative 
impact of modern technology on information accessibility, reduced costs, and expanded opportunities 
for portfolio diversification compared to half a century ago. 
 
Finally, this scientific paper ambitions to provide a comprehensive answer to the following question 
“How have the institutional and behavioral factors behind patterns of Home and Foreign Bias, 
influenced by technology and globalization, impacted investment portfolios, and what are the resulting 
implications for portfolio diversification ?".  
 
Considering Europe's rich attributes such as proximity, cultural similarities, and shared languages in 
some cases (Grinblatt, 2001), it becomes an ideal region to explore and understand the intricacies of 
this phenomenon. By conducting a broad analysis, drawing upon theoretical frameworks, examining 
empirical studies, and assessing various factors influencing Home Bias, this paper intent to deepen our 
understanding of this particular concept and its implications. Ultimately, it seeks to provide valuable 
insights for individual investors and policy-makers alike, enabling them to make more informed 
decisions regarding portfolio construction, risk management, and policy development. 
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This thesis will be structured as follows. Chapter one endeavors to establish the context of the 
appearance of this particular concept. Chapter two presents the framework underpinning the Home 
Bias phenomenon, tracing its historical roots and elucidating the myriad of factors that shape it. 
Subsequently, an exploration of variables previously investigated by esteemed scholars will follow in 
chapter three. Moving forward, chapter four will delineate the precise objectives and hypotheses 
formulated for analysis. Chapter five will be devoted to detailing our sample population, the variables 
under scrutiny, their respective sources, and inherent limitations. In chapter six, the methodologies 
utilized to examine the proposed hypotheses, along with the chosen variables, will be elaborated upon. 
Finally, the discourse will culminate in chapter seven with the presentation and interpretation of the 
findings gleaned from the quantitative analysis, with a concerted effort to deepen countries’ 
specificities.  
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THEORETICAL PART 

1 Historical Context 

To be able to comprehend the emergence, evolution, and long-lasting influence of Home Bias on 
investment behavior, understanding the historical context is key. This particular concept was spotted 
in the pioneering work of Harry Markowitz in 1952. Its groundbreaking research introduced for the 
first time the concept of Modern Portfolio Theory (MPT), which transfigured the finance sector by 
highlighting the crucial role of diversification in portfolio construction. 
 
MPT is a framework for constructing investment portfolios that aim to maximize expected return for a 
given level of risk, or equivalently, minimize risk for a given level of expected return. The central 
premise of MPT is that diversification, or spreading investments across a variety of assets, can reduce 
the overall risk of a portfolio. It posits that every investment carries a certain level of risk and an 
expected return. By combining assets with different risk and return profiles, especially those that are 
not perfectly correlated, investors can create a portfolio that achieves a better balance between risk 
and return. This means that the overall risk of a diversified portfolio is lower than the weighted average 
risk of the individual assets within it. 
 
Nonetheless, even within the framework of MPT, many researchers observed that investors exhibited 
a robust predisposition towards domestic securities, contradictory to the optimal international 
diversification’s principle. During the second half of the century, empirical studies began to shed light 
on the presence and implications of Home Bias. A very noteworthy research made by French and 
Poterba (1991) which examined the behavior of American, Japanese and Britain investors, found 
compelling evidence of a significant Home Bias effect. Despite the demonstrated fact that international 
diversification could lead to potential benefits as notably demonstrated by Grubel, Sercu and Solnik 
among others,  investors still showed a substantial preference for domestic securities.  
 
Several historical factors contributed to the persistence of Home Bias even as modern portfolio theory 
gained traction. Prior to the liberalization of financial markets, strict capital controls and regulatory 
barriers limited the ability of investors to invest abroad. These controls were prevalent in the post-
World War II era, reflecting a time when many countries sought to maintain economic stability and 
control over capital flows. 
 
Furthermore, it should be emphasized that some significant economic and political events, happening 
during periods studied by scholars, played a major role in shaping investor preferences and behaviors. 
Financial, political, energy crises led to confidence erosion in global markets which might have 
provoked a stronger Home Bias as investors were seeking for more stability and familiarity and may 
have found it within their own domestic markets. This reasoning can be applied to every major crisis 
such as the ones of 1932, 1956, 1982, 1997, 2008, 2020 and 2022. 
 
Over time, technological progress has also left an indelible mark on Home Bias. The arrival of the 
internet, its development, the rise of online trading platforms, financial news portals and much more 
new technologies have disrupted the world as it was. It allowed the democratization of access to 
market information and reduced transaction costs. These developments might have alleviated the 
barriers that once constrained international investments and diversified portfolio holdings.  
 
The rise of multinational corporations and the gradual easing of capital controls in the late 20th and 
early 21st centuries began to change the landscape, allowing for greater international investment 
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opportunities. However, the legacy of Home Bias persisted, influenced by the historical context of 
restricted capital flows and limited information. 
 
Considering the specific region, Europe in our case, the historical context takes on a unique 
significance. The creation of the European Union (EU) and its multiple predecessors combined with the 
euro as a common currency have fostered increased economic integration among member states. 
Discussion about this integration gave, potential reduction of Home Bias within European equity 
markets, as a result. A major study in this concern is the work of Pagano and Volpin (2005) which 
explored the impact of the euro's introduction on Home Bias. It provided valuable insights into its 
evolution within the European context. 
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2 Home Bias 

2.1 Definition 

Home Bias entails the tendency for investors to overweight domestic assets within their portfolios, 
while neglecting foreign securities, despite their awareness of the evident advantages of 
diversification. The diversification of investments is recognized today as a fundamental element of 
sound management of financial assets. The pioneering work of Markowitz (1959) is considered the 
origin of this important axiom of finance although earlier researchers also contributed to this field. 
Markowitz's groundbreaking insights revolutionized and disrupted the perception of finance and laid 
the groundwork for Modern Portfolio Theory.  
 
His theoretical framework introduced the concept of an ideal market portfolio that encompasses all 
listed assets. Thanks to an efficient portfolio frontier that maximizes the expected returns for a given 
level of risk, he stated that a clever selection of low-correlated securities can yield a return that is less 
risky overall than the weighted sum of the variances of each individual asset. Diversification allows for 
a reduction of unsystemic risk of the assets while only the systematic risk remains in the portfolio and 
is rewarded by the market. Specifically, according to Goetzmann (2003), the most diversified investor 
group earns 2.40% higher return than the least diversified investor group on an annual basis. The 
rationale behind a diversified portfolio lies in its potential to mitigate risk and exposure to specific asset 
classes or regions, consequently fostering greater stability in long-term returns. 
 
Diversification extends beyond merely investing in diverse types of financial assets; it also involves 
selecting securities within the same asset class to achieve optimal risk reduction. As the number of 
assets in a portfolio increases, the more the total risk decreases, everything else remaining equal. This 
theory has been extended to the international context by notable authors such as Solnik (1974), Harvey 
(1991), De Santis and Gérard (1997). They showed that international diversification allows for 
considerable portfolio risk reduction and/or anticipated profitability improvement. 
 
Still, many empirical studies showed that, despite knowledge and the obvious gains from 
diversification, investors tend to hold too large a share of domestic assets in their portfolios 
detrimental to foreign securities holdings. This phenomenon is called the “domestic bias” or “Home 
Bias” (French and Poterba, 1991) by opposition to the Foreign Bias.  
 
In order to deepen our understanding of the definition we need to outline what constitutes an 
"overweight" allocation of domestic equities in a portfolio. Authors such as Baele et al. (2007) 
extensively examined this choice, proposing five methods to determine asset weights within a 
benchmark portfolio. One prominent method, the International Capital Asset Pricing Model (ICAPM), 
originated from the Capital Asset Pricing Model (CAPM) by Sharpe (1964), which evolved from 
Markowitz's (1952, 1959) Modern Portfolio Theory. The CAPM introduces the concept of a market 
portfolio, comprised of all assets weighted by their global market capitalization proportions. The 
ICAPM, introduced by Solnik (1974a, 1974b, 1974c) and Sercu (1980), extends CAPM by incorporating 
exchange rate effects and redefining ideal asset weights based on global market capitalization. Those 
specific weights are the ones serving as reference in the method proposed by Mishra (2015) and based 
and the ICAPM theory. Other benchmark methods developed by Mishra exist such as mean-variance, 
minimum variance, Bayes-Stein, and Bayesian methods.  
 
The "Home Bias puzzle", as often called, is significant in financial economics and impacts portfolio 
performances as it challenges the traditional assumption that investors are rational and seek to 
maximize their risk-adjusted returns. The following reasons can partially explain its significance : 
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Inefficiency 

The Home Bias puzzle suggests that investors are not fully taking advantage of the benefits of 
international diversification. By concentrating their investments in domestic equities, they may be 
missing out on opportunities allowing for risk reduction and potentially higher returns that could have 
been achieved through a universally diversified portfolio thus resulting in a misallocation of resources.  
 

Economic costs of under-diversification 

Investors who hold less diversified portfolios tend to have higher levels of idiosyncratic risk, which is 
the risk that is specific to individual stocks or sectors. This can lead to higher volatility and worse risk-
return trade-offs, which can ultimately result in lower returns over the long term. In addition, under-
diversification can lead to higher trading costs, as investors may need to trade more frequently to 
achieve the desired level of diversification. These costs can add up over time and reduce the overall 
returns of the portfolio (Goetzmann, 2003).  
 
Understanding the reasons behind the Home Bias can provide insights into the factors that impede 
international capital flows and hinder the efficient functioning of global financial markets. French & 
Poterba (1991), Coval & Moskowitz (1999), Lewis (1999), Huberman (2001), Strong & Xu (2003) and 
many other scholars proposed various explanatory factors to this bias ranging from capital control to 
information asymmetry. With the ongoing increase in market integration, certain factors previously 
influential are now exerting diminished impact. The emergence of behavioral finance has shed new 
light on additional factors that contribute to the persistence of home bias in modern investment 
decisions. 

2.2 Close parent : the Foreign Bias  

Foreign Bias, in investment terms, refers to the tendency of investors to allocate a disproportionately 
bigger portion of their portfolios to foreign assets compared to what might be considered optimal 
based on diversification principles and CAPM. This bias often manifests as an overweighting of specific 
countries assets in investment portfolios and is defined as the difference between the weight of 
destination country in home country’s total portfolio and the weight of destination country in the 
benchmark, here the ICAPM.  
 
Various scholars such as Chen et al (2005), Beugelsdijk and Frijns (2010) have studied Foreign Bias and 
its implications. These are the same as for Home Bias. Firstly, it can lead to suboptimal portfolio 
diversification, as investors may be missing out on potential opportunities for risk reduction and return 
enhancement offered by international markets. Additionally, it may result in country risk 
concentration, leaving investors vulnerable to market fluctuations and economic downturns.  

2.3 Evolution over time 

Baele et al (2007) have shown by empirical methods that the Home Bias has come down over the years, 
especially in EU-member states since the European integration.  
 
Prior to the 1970s, global financial markets were less integrated than nowadays, and investors 
exhibited a relatively strong preference for investing in domestic assets. One could say that Home Bias 
was prevalent due to limited international investment opportunities, regulatory barriers, and 
information asymmetry about foreign markets (French and Poterba, 1991). 
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A shift appeared in the seventies as countries started to liberalize their financial markets and remove 
capital controls. It was the beginning of the global internalization (Kose et al, 2006).  Investors gradually 
diversified their portfolios by including international assets, but Home Bias remained high due to the 
persistent dominance of domestic investments (anchoring effect). 
 
As time passed, the world witnessed a significant acceleration in globalization and financial market 
liberalization. Advances in technology and communication made it easier for investors to access and 
trade international assets (Hau & Rey, 2006). Institutional investors, such as pension funds and mutual 
funds, began diversifying their portfolios globally, contributing to a reduction in Home Bias.  
 
The explosion of dot-com bubble in the early 2000s and the consequent market crash led to a 
reassessment of investment strategies. Investors acknowledged the benefits of diversifying their 
portfolios across different industries and countries in order to reduce risk. Cross-border capital flows 
expanded, enabling investors to access a broader range of investment opportunities and conducted to 
a better integration of global financial markets (Bekaert & Harvey, 2000). 
 
Further globalization and the development of financial instruments that facilitated international 
investing were observed during the next decades.  Exchange-traded funds (ETFs) and index funds made 
it easier for individual investors to gain exposure to foreign markets with greater diversification and 
lower costs (Kaniel & Parham, 2017). The increased awareness of diversification profits and the 
nascent availability of online brokerage platforms contributed to a gradual reduction in domestic bias. 
 
Ongoing advancements in technological and financial innovation continue to advocate towards 
international assets. Access to a wider range of global investment opportunities, including emerging 
markets and niche sectors allows for more diversification. The rising recognition of its benefits, coupled 
with increased financial literacy, has led to a decline in Home Bias among both individual and 
institutional investors (Forbes & Rigobon, 2002). 
 
However, despite all those tailwinds supposed to boost diversification we observe a persistence of the 
Home Bias through time. The two subsequent graphs provide insight into domestic equity 
overexposure, more particularly within four countries: the United States, the United Kingdom, 
Australia, and Canada. A discernible declining trend but also persistence is evident across these nations 
over the timeframe under examination in this thesis. 
 
Notably, in 2001, countries such as the United States, already representing 54% of the global market 
capitalization, displayed a significant deviation, with a 34% divergence from this optimal allocation. 
Similarly, the United Kingdom exhibited a bias of 62%, deviating considerably from its 10% weight and 
Australia showed a remarkable deviation of 81%, far from its 1% weight. Over time, observable trends 
revealed a gradual reduction in bias, albeit persisting. In 2022, these three countries still demonstrated 
respective deviations of 13.9%, 22.1%, and 64.5%, proving the persistent character of this particular 
phenomenon. Further emphasis can be placed on the fact that, despite their different economic, 
geographical, and cultural profiles, all these countries are affected by this investment bias. 
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Figure 1 : Domestic allocation and overweight : the case of Australia, Canada, USA and UK 

 

 

Source : Vanguard based on IMF data 

Figure 2 : Figure 2 : Overweigh of domestic equity in 2022 : the case of Canada, U.S., Australia, Japan, 
U.K. and Eurozone 

 

Source : Vanguard based on IMF data 

2.4 Technology influenced 

In the seventies, some electronic trading systems, such as NASDAQ, were introduced, allowing for 
computerized transaction and reducing the need for physical open outcry trading. This technology 
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started to disrupt traditional stock exchanges and it facilitated faster and more efficient trading. The 
main advantages from this were automation and speed, order matching, increased transparency and 
liquidity, global connectivity (Goldstein et al, 2014). 
 
In the next decade, personal computers began to appear. This widespread adoption empowered retail 
investors who started to slowly reduce their reliance on brokers or financial institutions. People were 
still tied up as they needed dial-up services, direct phone orders, fax and mail orders, local trading 
offices. Before the internet became accessible to each and every one, individuals could only connect 
from their personal computers to online services via dial-up modems.  
 
The widespread availability of the internet in the 1990s further democratized stock market 
participation. The internet introduced a revolutionary form of communication that transcended 
geographic boundaries. It provided a platform for individuals and organizations to connect and 
communicate with each other instantly and inexpensively, regardless of their physical location (Barber 
& Odean, 2000). Early communication tools, such as email, instant messaging, and online forums, 
transformed the way people interacted and shared information. The internet acted as a vast repository 
of information, making it accessible to a global audience.  
 
Websites emerged as an easy way to publish and share information on various topics globally. Many 
institutions and organizations began digitalizing their resources in order for users to access a bunch of 
knowledge online. This accessibility marked a major shift in the way people sought and obtained 
information. It led to the digitization of financial services itself leading to the opening of online banking 
platforms allowing individuals to access their accounts, conduct transactions, and manage their 
finances remotely. This convenience eliminated the need for physical visits to banks and empowered 
users to take control of their financial activities online. 
 
In the very beginning of the century, High-frequency trading (HFT) became gradually predominant, 
supported by advanced computer algorithms and high-speed trading systems. Those firms, using 
sophisticated strategies and technology to execute trades in milliseconds, created liquidity and 
impacted short-term price movements. HFT has had a transformative effect on market structure 
(Brogaard & Hendershott, 2014). The way orders were executed, with a shift towards electronic 
exchanges and alternative trading venues, was a consequence of the rise of HFT.  
 
The upsurge of smartphones and mobile applications in the 2010s brought stock market trading to the 
fingertips of millions of individuals. Mobile trading apps disrupted the industry by offering commission-
free trades, simple interfaces, and gamified experiences, attracting a new generation of retail 
investors. Mobile trading apps have empowered this generation of investors by providing them with 
convenient and feature-rich platforms to engage in financial markets (Abuelfald et al, 2016). They have 
contributed to increased retail participation and changed the dynamics of how individuals manage 
their investments. Important to note that now retails investor is a powerful player that have to be 
taken into account and that cannot be ignored anymore (i.e. GameStop case). 
 
ETFs also disrupted the financial world by offering investors easy access to a diversified portfolio of 
securities, including stocks, bonds, or commodities, representing various markets and geographies 
while being traded on financial market and still offering liquidity. This ability to invest globally has 
helped reduce Home Bias. Boermans et al (2021) found, both for Home Bias and for Foreign Bias, that 
over-weighting is negatively associated with investment via funds and positively associated with direct 
investment in individual equities. The intensification of ETFs has largely impacted the asset 
management industry. ETFs, due to their lower costs and tax efficiency, constitute an important 
competition to traditional mutual fund providers. Consequently, many asset management firms have 
launched their own ETF offerings or converted their existing mutual funds into ETFs to adapt to 
changing investor preferences. It has led to benefits for investors such as fee reduction and product 
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innovation. ETFs have also disrupted finance through their flexibility and innovative structures. Beyond 
traditional ETFs (equity and bond) there are now thematic ETFs, smart-beta ETFs, and 
leveraged/inverse ETFs, among others (Ben-David et al, 2018). 
 
The increasing use of artificial intelligence (AI) and machine learning algorithms has a profound impact 
on stock market trading and might be the future of portfolio management. These technologies can 
analyze vast amounts of data, identify patterns, and make predictions, influencing trading strategies 
and market dynamics thus helping individuals making more informed decisions (Lopez de Prado, 2020).  

2.5 Impact on portfolio performance 

A study conducted on defined contribution pension plan in Sweden by Nordén (2010) reveals that 
individuals exhibiting a pronounced Home Bias tend to experience notably poorer risk-adjusted 
performance in their portfolios compared to those with a greater allocation to international assets. 
However, when considering actual portfolio returns without adjusting for risk, Home Bias does not 
emerge as a significant factor. Consequently, the presence of domestic bias leads to inferior risk-
adjusted performance due to insufficient international diversification. 
 
When compared with a strategy focused solely on domestic assets, a portfolio diversified globally is 
anticipated to yield a superior return over time for equivalent risk or exhibit reduced risk for 
comparable returns. According to a study conducted by investment managers Gerstein Fisher spanning 
from 1999 to 2011, a globally diversified portfolio surpassed a portfolio limited to U.S. assets in 96% 
of consecutive three-year periods, resulting in a cumulative outperformance of 35 percentage points 
over the 11-year period. Specifically, according to Goetzmann (2003), the most diversified investor 
group earns 2.40% higher return than the least diversified investor group on an annual basis. 
 
This chapter concludes the discussion on the theoretical foundation of Home Bias, its evolution over 
time, the role of technology in this phenomenon, and their combined impact on portfolio performance. 
The subsequent chapter delves into the explanatory factors formulated by scholars, exploring reasons 
for both the decline and persistence of this particular concept.  
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3 Literacy review  

This section aims to explain the famous Home Bias puzzle as many researchers have already deepen 
our understanding of this pervasive phenomenon (figure 3). Those reasoning factors are also valid for 
its close parent, the Foreign Bias, which is less studied in the literature.  

3.1 Explanatory factors  

They can be classified into two categories: institutional/empirical factors, specific to macroeconomics 
and microeconomics, and behavioral factors, specific to investors. Empirical factors mostly come from 
“perfect market” assumptions violation. The breaking of the assumption that investors are rational 
provokes the behavioral factors. Both influences the asset allocation, directly or indirectly. Note that 
the following list is not exhaustive and that some factors could be classified into both categories. 

3.1.1 Institutional :  

Transaction costs and taxation 

Transaction costs play a significant role in Home Bias, influencing investors' decisions to allocate their 
portfolios to domestic assets rather than diversifying globally. The costs associated with buying, selling, 
and holding foreign assets can impact investment strategies and contribute to the prevalence of Home 
Bias (French, 2008). Higher transaction costs are associated with stronger home buying preferences, 
suggesting that the transaction costs of foreign assets act as a barrier to international diversification. 
Transaction costs include various expenses such as brokerage fees, currency conversion fees, taxes, 
and regulatory costs. These costs can erode investment returns and create additional hurdles for 
investors seeking to diversify globally. As a result, investors may opt for domestic assets where 
transaction costs are typically lower and more familiar. Typically, those costs tend to decrease 
throughout time as the world becomes more integrated and technology allows for cost optimization. 
However, authors such as Ahearne et al (2004) concluded that the impact of transaction cost on Home 
Bias are not a robust explanation.  
 
Mishra and Ratti (2013) studied the Home Bias in the context of cross border taxation. They concluded 
that dividend imputation is a statistically significant impediment to cross border equity flows and that 
conversely, a tax credit on those capital gains and dividend tax helps considerably reducing the Home 
Bias. 

 

Hedging for domestic risks  

Using financial instruments or strategies to mitigate the impact of risks specific to a market is known 
as hedging. The link between hedging for domestic risks like inflation, exchange rate, private assets, 
and Home Bias lies in the awareness that investing in domestic assets provides a natural hedge against 
those country-specific risks. Consequently, investors might exhibit a bias towards domestic assets as 
they think they are more protected against their domestic risks, leading to Home Bias in their 
investment portfolios (Lynch &Tan, 2011). Many researchers such as Fidora et al (2007) have studied 
the exchange rate impact on the prevalence of domestic bias suggesting that countries with higher 
monetary volatility tend to exhibit a higher bias. In the context of this thesis, attention is directed 
towards the European continent, where the monetary union has contributed to reducing monetary 
disparities among member states. However, De Santis and Gérard (2006) demonstrate that the 
European monetary union can introduce a new bias in investors' allocation decisions. Encouraged by 
the absence of exchange rate risk, investors tend to shift their overweighting of domestic assets 
towards an exaggerated allocation to European securities, thus creating a “European Bias” (Balli et al., 
2010; Othmani et al., 2014; Schoenmaker et al., 2007). 
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Capital control  

Measures imposed by governments to regulate cross-border capital flows are known as capital 
controls. Those may include limitations on foreign investment or restrictions on capital repatriation. 
Their presence can influence Home Bias by affecting investors' ability to allocate their portfolios 
internationally and thus increase their preference for domestic assets. Countries with more severe 
capital controls tend to exhibit higher levels of domestic bias, as investors face more barriers to 
diversifying their portfolios abroad (Kose et al, 2006). Errunza and Losq (1985) proved that capital 
controls can increase Home Bias and result in lower welfare for investors due to reduced risk-sharing 
opportunities and restricted access to global investment opportunities. It is noteworthy that capital 
controls mainly occurred in the past, gradually diminishing over decades due to financial liberalization 
(Coeurdacier & Rey, 2011). 
 
Information asymmetry  

It refers to the notion where one party involved in a transaction has access to superior or more 
information compared to the other party leading to the asymmetry. In the context of Home Bias, this 
asymmetry play a role in influencing investors' decisions such as the allocation of their portfolios in 
domestic assets rather than diversifying globally (Ivkovic & Weisbenner, 2005). One aspect of 
information asymmetry in domestic bias relates to investors' familiarity with domestic markets 
compared to foreign markets. Investors may have greater access to information, news, and company 
reports regarding domestic companies, industries, and economic conditions. The lack of information 
or difficulty in obtaining accurate information about foreign assets can create uncertainty and 
perceived risk, which may discourage investors from diversifying globally and result in Home Bias 
(French & Poterba, 1991; Tesar & Werner, 2005).  
 
This informational advantage may stem from various local factors (Coval & Moskowitz, 1999, 2001), 
such as cultural norms, economic, legal or political context, corporate management practices, or the 
language of the country. Geographical distance is also playing a role here. Indeed, neighboring 
countries are inclined to have greater mutual familiarity due to closer media coverage, enhanced 
commercial and tourist relations, as well as shared cultural similarities and a sense of familiarity among 
residents (Grinblatt & Keloharju's, 2001 ; Portes & Rey, 2005). In such proximate conditions, investors 
perceive themselves to possess an informational advantage over financial assets compared to those 
that are more "distant" geographically, culturally, socially, or economically, leading to an increase in 
their equity bias. A study conducted by Cooper et al. (2017) suggests that it is indeed the perception 
of distance, whether geographical, cultural, economic, or social, that deters investors from sufficiently 
investing in distant countries. 
 
Investor protection  

La Porta et al. (2000), has established a correlation between the level of investor protection and the 
development of financial markets. This relationship implies that investors are generally more hesitant 
to invest in countries with weaker investor rights. Factors influencing this assessment include the level 
of legal infrastructure, transparency of information, extent of minority investor safeguards, risks of 
confiscation or nationalization, and efficiency of the judicial system. Consequently, it is anticipated that 
countries with less favorable investor-protection mechanisms will experience an increase in 
informational asymmetries between domestic and foreign investors inducing an increase in Home Bias 
(Chan et al., 2005). 
 
Corporate/Political governance  

According to a study by Dahlquist et al (2003), corporate governance practices impact Home Bias. 
Strong corporate governance mechanisms, such as transparent financial reporting, effective board 
oversight, and protection of shareholder rights, can enhance the confidence of investors in a country's 
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domestic market. When investors perceive better corporate governance standards in their home 
country, they may be more inclined to allocate a higher proportion of their investments domestically, 
leading to increased their domestic bias. Political stability, the rule of law, and the enforcement of 
property rights are essential determinants of investor confidence (Forbes, 2002). Variations in 
corporate governance standards across countries affect foreign investment decisions. Investors tend 
to exhibit a preference for countries with stronger corporate governance practices when allocating 
funds internationally. This preference is driven by the belief that companies in countries with better 
governance will provide more accurate and reliable information, reducing information asymmetry and 
increasing investor confidence (Giannetti & Simonov, 2006) 

 

Market size 

In his research, French (2008) proposed that investors tend to exhibit a Home Bias due to the size of 
their domestic market relative to global markets. The basic idea is that investors, particularly individual 
investors, may feel more comfortable and knowledgeable about investing in their home market, 
especially if it is large and offers a diverse array of investment opportunities. Conversely, they may 
perceive smaller or less developed markets as riskier or less familiar, leading them to allocate a greater 
portion of their portfolio to domestic assets. French's research suggests that the size and 
characteristics of the domestic market play a significant role in shaping investors' asset allocation 
decisions and contribute to the observed phenomenon. This was notably proven in Mishra’s model 
(2015). 

 
Economic growth  

Investors may feel more confident investing in their home market, believing it to offer better growth 
opportunities or economic stability compared to foreign markets (Chan et al, 2005). Robust economic 
growth serves as a significant catalyst for attracting capital inflows (Ritter, 2004). Investors tend to 
allocate a considerable portion of their portfolios to their home country when it undergoes a period 
of economic prosperity. Research conducted in emerging economies, as exemplified by the work of 
Edwards (2005), substantiates the correlation between a nation's growth trajectory and the inflows of 
capital into its economy. 
 
Recent stock market performance  

Earlier research by Froot et al (1992), Bohn and Tesar (1996), highlights that institutional investors 
engage in positive feedback trading behavior, buying during market upswings and selling during 
downturns. Conversely, Grinblatt and Keloharju (2001) demonstrate that while foreign investors in 
Finland follow positive feedback trading patterns, domestic investors in Finland adopt contrarian-
trading strategies. Seasholes & Zhu (2010) and Pool et al. (2012), have found no significant association 
between excess return and Home Bias.  

3.1.2 Behavioral 

As outlined in the introduction of this chapter, behavioral factors stem from the hypothesis that 
investors, presumed to act rationally, deviate from rationality in practice. Behavioral finance has 
emerged as a significant field in recent decades, offering insights into compelling explanatory factors, 
particularly relevant in the realm of investment decisions (Kahneman & Tversky, 1979). 
 

Familiarity  

Investors tend to favor investments they are familiar with, understand by that domestic securities, 
consequently to the sense of comfort and confidence they feel about it. They believe that they have a 
better understanding of the domestic market and its companies (Huberman, 2001). Familiarity can 
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arise from various sources, such as personal experiences, local media, shared value, distance. Domestic 
information canals often offer more details and is more timely effective. Familiarity provides a 
psychological comfort to investors. They see domestic investments as more predictable and less risky 
due to their familiar knowledge of local economic conditions, business practices, and regulations. This 
familiarity-induced sense of control and reduced perceived risk encourages investors to allocate a 
larger portion of their portfolio to domestic assets. This factor is closely related to information 
asymmetry. 

 

Culture 

This seminal work by Hofstede explores the cultural dimension and its impact on organizational 
behavior, which can also be extended to decision-making processes, including investment decisions. 
Culture plays a crucial role in investment decisions and shapes investor behavior and preferences. 
Different national cultures have different attitudes towards risk, as some countries are more risk-
averse/risk-taking than others, leading to different investment behaviors. Trust, group orientation 
versus individual orientation are other important dimensions to explore. Individualistic cultures show 
a higher propensity for self-directed investment decisions, while collectivist cultures place a greater 
emphasis on community-based investing. 

 

An examination of Finland data by Grinblatt and Keloharju in 2000 shows that investors have incentives 
to invest in countries with similar cultures. Shared history, culture, social and linguistic ties are 
elements playing an important role in the Foreign Bias.  
 
Religion  

According to the findings of the very recent study on religion and equity Home Bias by Lee et al (2023) 
religiosity positively influences equity Home Bias with countries with higher levels of religiosity tending 
to exhibit a higher degree of bias. This is attributed to the higher risk aversion and uncertainty 
avoidance of religious investors, making them more hesitant towards foreign investments and more 
inclined towards domestic investments. 
 
Conversely, countries with greater religious diversity tend to have lower levels of Home Bias. The 
integration of various ideas and values from different religious backgrounds fosters a more open 
attitude towards foreign investments, leading to reduced domestic bias. This result aligns with 
Niszczota study’s results (2013) which states that countries with open minded culture are less prone 
to experience a high degree of bias. 
 
Educational level  

Bose et al (2019) have analyzed the link between financial education and investment decision. The 
authors suggest that financial education enhances investors' understanding of the benefits of 
international diversification and reduces their tendency to invest disproportionately in domestic assets 
thus implying that individuals with higher levels of financial education exhibit lower levels of Home 
Bias. Another study confirms this by suggesting that higher levels of education in finance or general 
financial literacy can help mitigate domestic bias by increasing investors' understanding of the benefits 
and opportunities associated with global diversification (Bekaert & Harvey, 2007). 
 
Psychology 

In finance, we observe something called the “Confirmation bias”. It refers to the tendency of 
individuals to seek and interpret information in a way that confirms their pre-existing beliefs or biases, 
while disregarding or downplaying contradictory evidence. This is a cognitive bias and it can have major 
implications on decision-making, as it can lead to suboptimal outcomes. For example, investors may 
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seek out information or opinions that align with their existing beliefs about a particular stock, market 
trend, or investment strategy. They may focus on news articles, research reports, or expert opinions 
that support their views and disdain or soften information that contradicts their beliefs. Ritter (2003) 
notes that people tend to give more weight to information that confirms their existing beliefs, leading 
to resistance in updating beliefs when faced with contradictory evidence. This tendency can result in 
both under-reaction and overreaction to new information over time. 
 
Daniel and Hirshleifer (2015), in their paper, discuss how confirmation bias can lead to overconfidence 
among investors and impact their decisions in the foreign exchange market. Overconfidence stands 
for investors that may become excessively confident in their beliefs and fail to adequately consider 
alternative perspectives or potential risks, leading to poor investment choices. Anchoring, another 
cognitive bias elucidated by Kahneman and Tversky (1974), involves individuals relying heavily on initial 
information when making judgments or estimates. This anchoring effect can lead to significant errors 
in decision-making if the initial information is flawed or irrelevant. 
 
Optimism, the hopeful anticipation of positive outcomes, is deeply ingrained in human psychology. 
Montier (2002) suggests that this optimism often arises from cognitive biases, such as the illusion of 
control and self-attribution bias. These biases skew perceptions, leading individuals to overestimate 
their abilities and the likelihood of success. 
 
Lastly, mental accounting, as outlined by Thaler (1985), describes how individuals categorize and treat 
money differently based on its source or intended use. This practice influences financial decision-
making and can lead to suboptimal allocation of resources. 
 
Together, these cognitive biases and heuristics shape human decision-making processes, often leading 
to deviations from rationality and impacting various aspects of life, from financial choices to social 
interactions.  
 
Jet lag  

As said in familiarity, access to “on time” information is crucial. Because we experienced different time 
of the day throughout the world, investors may feel aggrieved because they cannot access the 
information at the same time as other investors. Moreover, stock market do not have the same 
opening and closing hours leading to a psychological barrier for the investors according to Sendi and 
Belallah (2010).  
 

This chapter wraps up the investigation into explanatory factors associated with the widespread 

phenomena of Home and Foreign Biases that the literature has sought to clarify and validate. Over 

time, the diversity and quantity of justifications have grown exponentially, indicating numerous 

opportunities for further research in the literature and underscoring the importance of the present 

study. The subsequent chapter outlines the objectives and hypotheses of this research. 
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EMPIRICAL PART 

4 Objectives and research objectives 

4.1 Objectives 

This thesis seeks to address several inquiries pertaining to the phenomenon of Home Bias in 
investment decisions. Firstly, our objective is to empirically investigate whether the intuitive and 
seemingly straightforward decline in domestic bias occurred over the period under scrutiny, paying 
particular attention to potential disparities across different countries. To achieve this objective, we 
firstly calculate the Home Bias relative to stocks for our studied sample. Subsequently, should such 
discrepancies emerge, our aim is to ascertain the extent to which identified factors contributed to this 
decline and to quantify their respective influences. Thirdly, we endeavor to introduce novel factors or 
refined measurements of existing factors to elucidate their associations with Home Bias more 
comprehensively. Furthermore, we will attempt to explore a relatively understudied dimension, that 
of Foreign Bias, wherein countries show a propensity to invest immoderately in certain foreign 
countries owing to shared behavioral or empirical characteristics. Through meticulous analysis and 
examination, we intend to contribute to a deeper understanding of the intricacies underlying Home 
Bias and Foreign Bias in investment behavior, shedding light on both individual and collective decision-
making dynamics within the global financial landscape. 

4.2 Evolution by countries and patterns  

In the appendix, figures 6 to 10 depict the trajectory of Home Bias across various countries throughout 
the entire period under investigation. These figures are categorized initially based on geographical 
distinctions as defined by the United Nations (UN), followed by the level of country economic 
development, again according to the UN, and finally by the degree of bias observed in last studied 
period. These distinct categorizations facilitate an easy visual assessment to ascertain if there are 
overarching factors influencing the persistence or reduction of bias. These will also serve further in our 
principal component analysis.  
 
Our analysis reveals a global decline in bias (scale of 0 to 1) across the scrutinized countries with the 
biggest reduction being Latvia with a decline of 0.85 of its bias and Romania being the steadiest one 
only losing 0.1 over the period. This trend is further supported by the diminishing mean, falling from 
0.73 in 2001 to 0.4 in 2022. Specifically, countries in northern and western regions tend to demonstrate 
lower starting levels of Home Bias, whereas results are more varied for southern and eastern nations. 
This could potentially be linked to their economic development state. More developed countries tend 
to exhibit lower levels of bias compared to their counterparts with Greece being the exception. Despite 
starting from a lower point in 2001, the diverse levels and the spread of fluctuations of bias hinder our 
ability to discern a unified pattern or trend, except for the overall decrease. While developing 
countries, limited to just three, could have offered more informative power, conclusion are difficult to 
draw. Romania and Poland show similar steady curves, whereas Hungary demonstrates a notable 
reduction of 0.4 in its bias over the timeframe. Still those three countries appear in the five countries 
with the highest Home Bias in 2022. We can thus conclude that economic development level plays a 
role in the decrease of this phenomenon through time with more advanced economies often leading.  
 
Furthermore, in figures 14 to 17, we analyze disparities in patterns among countries exhibiting high, 
medium, and low terminal levels of Home Bias in 2022. Although all countries except The Netherlands 
display a bias, they have been classified into three categories based on thresholds of 0.35 and 0.75. 
The first category, with biases exceeding 75%, does not display a uniform pattern. Greece, for example, 
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showed a decreasing trend until the 2011 sovereign crisis abruptly halted its progress, leaving it among 
the top three most biased countries alongside Poland and Romania. The second group, while initially 
showing wide variations with a spread up to 0.9, converged to a narrower spread of 0.17 by the end 
of the analysis. Excluding countries with heavy fluctuations, the remaining four countries (Denmark, 
France, Sweden, Switzerland) demonstrated a slow decrease in bias ranging from 0.12 to 0.19 over 22 
years. France is noteworthy for maintaining the fourth-highest bias level in 2022, at 0.6. 
 
The last category displays a wider dispersion in terminal values due to varying starting points (ranging 
from 0.38 to 0.87). Notably, this category displays a faster decrease in bias, as indicated by the slope 
of the category mean in figure 17. Interestingly enough, countries from all four geographical regions 
are present in the latter two categories, suggesting that factors influencing these patterns are more 
complex than initially assumed.  
 
Notably, it is observed that overall, some countries seem to have experienced a resurgence of their 
domestic bias during the periods of crisis in 2008-2009 and 2011-2013, as nations redirected their 
funds towards their domestic economies. However, some countries such as Czech Republic and Spain, 
while exhibiting a nearly constant domestic bias between 2001 and 2011 with occasional resurgences, 
accelerated the reduction of their bias by nearly halving it between 2012 and 2022 
 
I have statistically tested the linear decrease through time to evaluate if our first naïve and intuitive 
reasoning was right. The results suggests that 56.19% of the variability in the bias is explained by the 
linear relationship with the years after accounting for individual-specific effects. It not only confirms 
the significance of the relationship between the years and the bias but also suggests that the observed 
decrease in bias over time may not be solely attributed to the linear trend in the year variable but may 
also be influenced by country-specific factors that vary over time.  
 
It is noteworthy that the R² values display significant variation across the observed cases. On average, 
most of the countries exhibit a R² superior to 80%. For instance, Italy displays a notably high R² of 
96.4%, indicative of an almost perfect linear decline in the equity bias over the examined timeframe. 
In contrast, Portugal shows a much lower R² of 25.3%, suggesting that the bias may not have decreased 
linearly but rather exhibited fluctuations notably during the 2011 financial crisis. Countries’ 
discrepancies could potentially be attributed to a variety of factors such as the following ones.  

4.3 Hypothesis to test  

After these preliminary observations, we introduce our research hypotheses aiming at providing a 
more comprehensive understanding of influential factors through quantitative analysis. These 
hypotheses are derived from our literature review, selecting both well-established factors with new 
measures or data sources, and novel factors, thus contributing new insights to the study of this 
phenomenon. 
 
Tax regime  

Tax regimes play a significant role in influencing investment decisions within a monetary union context, 
such as the European Union. In a monetary union, the elimination of foreign exchange (FX) rate risks 
due to a common currency reduces one major barrier to cross-border investment. Consequently, 
countries within the EU can invest in each other with greater ease, as the common currency mitigates 
exchange rate uncertainties (Suriani et al, 2015). Conversely, tax regimes vary significantly across 
countries, leading to disparities in fiscal attractiveness for investors. Countries with higher tax regimes 
tend to deter investment flows, as investors may find it less financially rewarding to allocate their 
capital in jurisdictions with heavier tax burdens. As a result, differences in tax policies can influence 
the direction of investment flows, diverting capital away from higher tax countries towards those with 
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more favorable fiscal environments (McDowell et al, 2020). To evaluate the tax regimes of European 
countries, I focused on key parameters such as tax policies on dividends and capital gains. By creating 
a nine-grid box ranking based on fiscal attractiveness, countries were assessed in terms of their appeal 
to investors. 
F1 : The lower the tax regime (the higher the fiscal attractiveness), the higher the Home Bias.  

 

The financial knowledge of citizens  

The level of financial knowledge among citizens, especially investors, significantly influences the 
rationality of investment decisions. Individuals with a higher degree of financial literacy are more 
inclined to question their investment allocations and adhere to the principles of diversification outlined 
by the CAPM (Sharpe, 1964). Financially literate investors possess a deeper understanding of 
investment concepts and principles, enabling them to make more informed and rational decisions 
regarding portfolio allocation. They are less susceptible to behavioral biases and emotional reactions, 
instead relying on evidence-based strategies to guide their investment decisions (Bose et al, 2015). 
F2 : The more financially educated the investors, the less they are prone to be home biased. 

 

Technological influence and mastery   

The accessibility of information facilitated by new technologies has contributed to the decline in Home 
Bias over time, primarily by reducing information asymmetry and lowering access costs (Goldman et 
al, 2009). Advancements in technology, particularly the internet and digital platforms, have 
democratized access to financial information. Investors now have unprecedented access to real-time 
market data, research reports, and investment analysis tools, regardless of their geographical location. 
This increased transparency helps to level the playing field, empowering investors to make more 
informed decisions about allocating their capital across borders.  
 
Moreover, technological innovations have significantly reduced the costs associated with accessing 
and processing information. Traditionally, gathering information about foreign markets and companies 
was time-consuming and expensive. However, with the advent of digital technologies, investors can 
access a wealth of information at minimal cost, enabling them to conduct thorough research and 
analysis before making investment decisions. By providing greater visibility into international markets 
and investment opportunities, technology has encouraged investors to diversify their portfolios 
globally, seeking higher returns and better risk-adjusted performance. The mastery of technology 
further enhances investors' ability to navigate global financial markets effectively and allows them to 
be less mutual fund dependent. Those who possess technological proficiency can leverage advanced 
analytical tools, algorithmic trading platforms, and artificial intelligence-driven investment strategies 
to optimize their investment portfolios and capitalize on market opportunities (Lopez de Prado, 2020). 
F3 : Information accessibility and quality of analysis influence negatively the domestic bias.  

 

Economic growth  

Investing in a country with a higher growth profile compared to others appears to be a logical choice 
for investors seeking to maximize returns. The allure of robust economic growth prospects can lead 
investors to disproportionately allocate their portfolios towards such countries, deviating from the 
optimal allocation recommended by the CAPM. However, this approach overlooks the principles of 
portfolio diversification advocated by the CAPM. Overweighting portfolios in high-growth countries 
exposes investors to elevated levels of country-specific risk, which may not be adequately 
compensated by the expected returns (Chan et al, 2005). 
F4 : The economic growth is positively correlated to the Home Bias. 
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Stock market return of countries 

The past stock market returns of countries play a role in shaping investment preferences. Countries 
with consistently strong and outperforming stock market performances often become highly appealing 
to investors. This appeal is further amplified for domestic investors by the familiarity explanation, 
wherein investors feel more comfortable investing in their home country due to their familiarity with 
its market dynamics, regulatory environment, and economic conditions (French and Poterba, 1992). 
Lastly, it assumes the improbable scenario of consistent and perpetual outperformance of the 
domestic market, ignoring the cyclicality and unpredictability inherent in stock market returns (Froot 
et al, 1992). 
F5 : The better and the most consistent the return of a country’s market place is, the higher the 
Home Bias. 

 

Market capitalization and number of listed companies 

Market size may serve as a significant factor influencing investment behavior, with larger market 
capitalization countries often perceived as representing greater global economic significance. This 
perception stems from the assumption that countries with larger market capitalization possess a 
broader diversity of sectors, industries, and investment opportunities, thereby enticing investors to 
allocate a disproportionate share of their portfolio to this country. It comes from the belief that 
investing in countries with substantial market capitalization provides investors with inherent 
diversification benefits (Mishra, 2015). Domestic investors may erroneously assume that by investing 
in their own country, which could be a major player on the global economic stage, they are effectively 
diversifying their portfolio across various sectors and industries. However, this overlooks the inherent 
country-specific risks associated with concentrating investments in a single geographical region. 
Research conducted by Amadi (2004) highlights the potential pitfalls of this approach, emphasizing the 
importance of considering country-specific risks in portfolio allocation decisions.  
 
The number of listed companies in a country is another market size estimator, which might influence 
investment decisions. A large number of listed companies can provide domestic investors with greater 
sectorial diversification and a broader range of investment opportunities. This can also be perceived 
as an indicator of the vitality and depth of a country's financial market. Domestic investors may be 
more inclined to invest in their own country if there are many listed companies, as it gives them easier 
access to a variety of stocks and industry sectors. 
F6 : The market capitalization is positively correlated to the Home Bias. 

F7: The higher the number of listed companies the higher the Home Bias. 

 

The average age of investors 

The relationship between age and Home Bias is not the clearest and few researches seems to have 
deepen the subject. However, I thought it was interesting to investigate if the age of the investor has 
an impact on the bias. Generally, we think of older investors as exhibiting a stronger domestic bias due 
to factors such as familiarity with their home market, a desire for stability, patriotism. Conversely, 
younger investors might be more open minded to international diversification, more informed 
technology-wise and less influenced by home country preferences. 
F8 : As the investor gets holder, the bias is increasing. 

 

Propensity to save 

Feldstein and Horioka (1980) document high positive correlation between a country's savings and its 
investment rate, arguing that capital flows to familiar (domestic) investment opportunities, not 
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necessarily to the most profitable. Individuals who have a higher propensity to save may also show a 
stronger preference for investing in domestic assets rather than international ones. This could be due 
to factors such as familiarity with domestic markets, perceived lower risk.  
F9 : the more people save, the more they are keen on investing home. 

 

These nine proposed hypothesis aim to elucidate the temporal patterns of the Home Bias, either by 
elucidating its decline or persistence over time. Their function lies in providing explanatory frameworks 
for this phenomenon as our second and third thesis objective stated. The following table summarize 
the hypothesis that will be tested in the scope of this thesis.  
 
Table 1 : Hypothesis summary and their analysis type 
 

Name Explicative Factors 
Intuitive relationship 

with the Home Bias 
Analyze type 

F1 Tax regime Negative 
Linear regression 

PCA 

F2 
The financial 
knowledge of citizens 

Negative 
Linear regression 

PCA 

F3 
Technological 
influence and mastery 

Negative 
Panel regression 

PCA 

F4 Economic growth  Positive 
Panel regression 

PCA 

F5 
Stock market return of 
countries 

Positive 
Panel regression 

PCA 

F6 Market capitalization Positive 
Panel regression 

PCA 

F7 
Number of listed 
companies 

Positive 
Panel regression 

PCA 

F8 Age of investors Positive 
Panel regression 

PCA 

F9 Propensity to save Positive 
Panel regression 

PCA 

PCA stands for Principal Component Analysis 

Source : our construction 

4.4 Foreign Bias hypothesis 

Conversely, in pursuit of identifying potential excessive investment in certain countries, our last 
research objective, I have delineated five variables that could lead to immoderate investment without 
rational explanation.  This concept is built upon the research conducted by Bekaert and Wang (2009), 
which suggests that Foreign Bias manifests as an overexposure to countries perceived as close, 
potentially in physical proximity, for instance. Note that the nine hypothesis regarding the domestic 
bias might be reasons of over-exposition to certain countries and will thus serve as independent 
variables in our quantitative regressions. Here, the five elements should be viewed as linking factors 
and are as follows: 
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Cultural similarities 

Cultural similarities exert a profound influence on investment decisions, particularly through the lens 
of familiarity. Investors tend to gravitate towards regions or countries with cultures similar to their 
own, perceiving a greater sense of understanding and shared values. This perceived familiarity often 
leads investors to believe they possess an informational advantage over others, thereby biasing their 
investment choices (Huberman, 2001). Furthermore, cultural affinity fosters a predisposition towards 
investing in companies and nations that align with one's values and worldview. This inclination stems 
from the belief that shared cultural norms and perspectives create a foundation for mutual trust and 
cooperation, thereby reducing perceived risks associated with investment. As a result, investors are 
more inclined to allocate their capital towards entities that resonate with their cultural identity and 
beliefs. 
L1 : The cultural similarities is positively related to an over-exposition. 

 

Physical distance 

The proximity of countries plays a role in shaping investors' comfort levels, with closer distances often 
fostering a sense of familiarity and confidence in investment decisions. Investors tend to exhibit 
greater ease and willingness to invest in neighboring countries due to the perceived informational 
advantage derived from geographical proximity (Choe et al., 1999). The rationale behind this 
phenomenon lies in the notion that physical proximity facilitates access to information about 
companies and markets in neighboring countries. Investors feel more connected to these regions, 
often relying on local media sources and firsthand knowledge to inform their investment choices. 
Sharing a time zone is also perceived as enhancing this psychological proximity. Moreover, the inner 
sense of closeness associated with nearby countries instills a greater level of confidence in investors, 
leading them to perceive reduced risks and enhanced opportunities for investment.  
L2 : The closest the country, the higher the tendency to invest excessively. 

 

Spoken languages and spoken languages  

The spoken languages factor, extensively studied by Grinblatt and Keloharju, sheds light on the 
phenomenon of Foreign Bias in investment behavior. Countries that share common languages are 
predisposed to invest in each other, primarily due to the linguistic familiarity facilitating the 
comprehension of financial disclosures and information (Grinblatt & Keloharju, 2001). The rationale 
behind this measure lies in the ease of communication and understanding afforded by shared 
languages. Investors find it more convenient to analyze and interpret financial data from countries 
where the spoken language is familiar, thus reducing linguistic barriers to investment. This linguistic 
affinity fosters a sense of trust and confidence among investors, encouraging cross-border investment 
within linguistic clusters. Moreover, the linguistic similarity facilitates cultural exchange and 
collaboration, creating a conducive environment for investment activities. Investors within language-
affiliated regions often share similar cultural norms and business practices, further reinforcing the 
propensity to invest in each other's markets. Chan et al (2005), studied countries sharing a language 
and concluded that it reduces the Home Bias as investors tend to disproportionately invest in their 
related counterparties.  
L3 : Sharing an official language increase the bias of investing in countries sharing this language. 

L4 : Speaking the same language increase the bias of investing in countries sharing this language. 
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Religion 

Nations characterized by greater religiosity tend to demonstrate a heightened inclination towards 
equity Home Bias. This trend is attributed to the elevated levels of risk aversion and aversion to 
uncertainty among religious investors, which leads them to display a reluctance towards foreign 
investments while favoring domestic ones. More religious countries tend to share similar beliefs thus 
favoring cross country investments in those countries (Lee et al, 2023). 
L5 : Tendency of countries sharing a religion to invest in each other due to similar beliefs. 

 

Table 2 : Linking factors for Foreign Bias 
 

Name Potential clusters links Criteria 

L1 Cultural similarities 4th quartile of the cultural similarity score  

L2 Physical distance 1st decile of the distance between countries 

L3+L4 
Official languages and 

spoken languages 
 Countries sharing a language (official or spoken)  

L5  Religion Countries having the same dominant religion 

Source : own construction 

The table sums up the identified factors and outlines the criteria that will be used to quantify their 
influence. This concludes our chapter on hypothesis formulation, paving the way for data delineation. 
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5 Data  

In this chapter, we delineate the variables employed to evaluate the hypothesis and factors outlined 
earlier and to conduct quantitative analysis to validate the proposed hypothesis. We will elucidate the 
rationale behind their selection, their origins, and any necessary modifications made to ensure their 
suitability for analysis. The variables chosen for examination encompass a range of economic, financial, 
and socio-cultural indicators that provide insights into investors’ preferences, market dynamics, and 
risk factors.  

5.1 Sample chosen : Panel, individuals and time period 

The sample selected for analysis consist of twenty-three European countries, chosen based on specific 
criteria to ensure the robustness of the study. The dataset encompasses longitudinal (study of the 
same individual through time) and cross-sectional (study of different individual at a particular point of 
time) perspectives, spanning twenty-two years from 2001 to 2022, providing rich insights into the 
evolution of investment behavior over time. Except for two “one-time” measurement variables, these 
cross-sectional data are defined as "panel data." This sample structure enables gathering more 
information about a phenomenon and thus providing better estimates. It also allows for studying 
trends and testing various hypotheses regarding individual evolution or the unobservable sources of 
individual heterogeneity. Our panel is structured cylindrically as each individual is observed every year.   
Consequently, variables have a maximum of 506 observations.  
 
The decision to focus exclusively on European countries was motivated by several factors. Firstly, the 
European region has been relatively understudied compared to the United States, which have a 
significantly higher weight in the global stock market. Additionally, the proximity, cultural similarities, 
shared values, and potential membership in the European Union among the selected countries offer a 
rich context for studying investment behaviors and particularly the Foreign Bias. This allows for an 
exploration of both commonalities and differences, including political, linguistic, and economic factors, 
contributing to a comprehensive understanding of investment dynamics within the European 
continent. 
 
Furthermore, the availability of data served as a crucial criterion in the selection process. Only 
countries with reliable and consistent data throughout the chosen period were included in the analysis. 
Major financial hubs, such as Ireland and Luxembourg, were excluded to prevent skewing the analysis 
due to their unique characteristics and influence in global finance. 
 
The chosen countries encompass a diverse range of economic, political, and cultural backgrounds, 
enhancing the representativeness and generalizability of the findings. These countries include Austria, 
Belgium, Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Italy, 
Latvia, The Netherlands, Norway, Poland, Portugal, Romania, Slovakia, Spain, Sweden, Switzerland, 
and the United Kingdom. 
 
The analyzed period started in 2001, coinciding with the introduction of the Euro as a common 
currency. It extends from 2001 to the latest available data in 2022. 
 
In summary, the selection of twenty-three European countries based on specific criteria, spanning a 
twenty-two-year period, ensures a rigorous and comprehensive analysis of the factors influencing 
investment behavior and Home Bias within the European context. 



 

26 

5.2 Variables 

This section will outline the selected variables intended to represent our explanatory hypotheses. Their 
sources, construction methods, and possible limitations will also be described. 

5.2.1 Dependent variable : Sources, construction and limitations 

5.2.1.1 Home Bias 

Following Baele et al work (2007), making a distinction between a “model-based” approach and “data-
based” approach to measure the Home Bias, I decided to keep it consistent by using the model-based 
one, being the most used in practice. 
 
In this methodology, we utilize the optimal portfolio weights obtained from an international asset-
pricing model as benchmark weights for comparing them with the actual portfolio holdings. Mishra 
(2015) recognized the ease of utilization of the ICAPM despite being based on strong assumptions. The 
world CAPM is indeed based on several assumptions, including the notion that all investors exhibit 
mean-variance preferences and hold the same beliefs regarding the distribution of real asset returns. 
Additionally, all participants face identical investment opportunities, and there are no transaction 
costs, taxes, or exchange rate risks. Furthermore, inflation is either independent of asset returns or 
non-existent. These assumptions result in the well-known relationship: 
 

𝐸(𝑟𝑗) − 𝑟 = 𝛽𝑗 ∗ [𝐸(𝑟𝑤) − 𝑟] (1) 

 

where 𝐸(𝑟𝑗) and 𝐸(𝑟𝑤) denote the expected returns on any asset and on the world portfolio 

respectively, 𝑟 is the risk-free rate, and 𝛽𝑗  = 𝑐𝑜𝑣(𝑟𝑤,𝑟𝑗)/𝑣𝑎𝑟(𝑟𝑤,).  

 
According to the CAPM, all investors hold the world market portfolio, which consists of assets weighted 
proportionally to their share in the global market capitalization. However, Sercu's international asset 
pricing model, introduced in 1980, incorporates exchange rates. In this case, equation (1) is modified 
to include the term: 
 

𝐸(𝑟𝑗) − 𝑟 = 𝛽𝑗 ∗ [𝐸(𝑟𝑤) − 𝑟] + ∑ 𝛿𝑗,𝑠𝑡
 [𝐸(𝑠𝑖 + 𝑟𝑖) − 𝑟]𝑁−1

𝑖=1  (2) 

 
where 𝑁 is the number of countries worldwide, 𝑠 denotes the exchange rate change and 𝑟 is now the 
risk-free rate of reference country 𝑁. Sercu's model allows for perfect hedging of currency risk through 
the investors’ own risk-free asset, leading to the same conclusion as the world CAPM: all investors hold 
the world market portfolio of risky assets. In practice, the empirical validity of the CAPM is very weak 
and its assumption of perfectly integrated markets is untenable (Ferson & Harvey, 1994). This is 
particularly evident when evaluating the prediction that all investors should hold the same portfolio. 
In either model, the Home Bias measure is equal to the difference between the optimal CAPM 
domestic country weight in the portfolio and observed holdings of domestic equities: 
 

𝐻𝐵CAPM = 𝑑𝑜𝑚𝑒𝑠𝑡𝑖𝑐 ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠 % − 
ℎ𝑜𝑚𝑒 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛

world capitalization
 (3) 

 
Which can also be written still conducting the same message : 
 

𝐻𝐵CAPM = 1 −  
𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑓𝑜𝑟𝑒𝑖𝑔𝑛 𝑒𝑞𝑢𝑖𝑡𝑦 𝑖𝑛 𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜

𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑓𝑜𝑟𝑒𝑖𝑔𝑛 𝑒𝑞𝑢𝑖𝑡𝑦 𝑖𝑛 𝑔𝑜𝑙𝑏𝑎𝑙 𝑖𝑛𝑣𝑒𝑠𝑡𝑎𝑏𝑙𝑒 𝑝𝑜𝑟𝑡𝑓𝑖𝑜𝑙𝑖𝑜
 (4) 
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And refined as :  
 

𝐻𝐵CAPM = 1 −  

𝐹𝑜𝑟𝑒𝑖𝑔𝑛 𝑒𝑞𝑢𝑖𝑡𝑦 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 ℎ𝑜𝑙𝑑 𝑏𝑦 ℎ𝑜𝑚𝑒 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 (𝑎)

𝑇𝑜𝑡𝑎𝑙 ℎ𝑜𝑚𝑒 𝑒𝑞𝑢𝑖𝑡𝑦 𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (𝑏)

𝐺𝑙𝑜𝑏𝑎𝑙 𝑚𝑎𝑟𝑘𝑒𝑡 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑒𝑥𝑐𝑒𝑝𝑡 ℎ𝑜𝑚𝑒 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 (𝑐)

𝐺𝑙𝑜𝑏𝑎𝑙 𝑚𝑎𝑟𝑘𝑒𝑡 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (𝑑)

 (5) 

 
 
Where :  
(a) The market capitalization of all foreign stocks held by the home country in year t. 
(b) The market capitalization of the total portfolio of stocks of the home country (the aggregation of 
portfolios of all investors in the home country). 
This is equal, for year t, to:  
+ (b1) the market capitalization of domestic stocks of home country.  
- (b2) the market capitalization of domestic stocks held by foreign countries.  
+ (b3) the market capitalization of foreign stocks held by home country.  
(c) The market capitalization of the global stock market minus the market capitalization of domestic 
stocks of the home country.  
(d) The market capitalization of the global stock market. 
 
If the country perfectly owns the same amount of foreign equity as it should according to the 
benchmark or more, the second term of the equation 5 is at least equal to one implying a zero or less 
Home Bias measure. In any other case, the country will exhibit a domestic bias. Figure 4 presents the 
weights countries should follow in 2022 to be allocated as recommended by the CAPM.  
 
Figure 4 :  Countries weight in world index 

 

Source : As of 31 July 2022, based on the Morningstar Global Market Index 

Critics, such as Dahlquist et al (2003), argue that the definition of the equity Home Bias as the 
difference between the proportional domestic equity investments and the proportional market 
capitalization – the benchmark portfolio of the model-based approach – is incorrect. The total market 
capitalization of stocks, which also contains assets that are not freely tradable due to, for example, 
controlling shareholders who are reluctant to sell their shares. As a result, regular investors are unable 
to hold the world market portfolio accurately. To address this limitation, it is recommended to use the 
world float portfolio, which represents the market capitalization-weighted portfolio consisting of freely 
floated shares, as proposed by La Porta, Lopez-de-Silanes, and Shleifer (1999). This alternative 
benchmark portfolio should be employed when comparing it with actual portfolio holdings. 
 
By adopting the world float portfolio as the benchmark, Dahlquist et al. have demonstrated that the 
Home Bias, although reduced, persists. This suggests that even when accounting for the freely tradable 
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shares, there remains a tendency for investors to display a preference for domestic holdings in their 
equity portfolios. 
 
The selected dataset for this computation (b2 and b3) is the "Coordinated Portfolio Investment Survey 
(CPIS)" database from the International Monetary Fund (IMF), which is widely used in the literature 
due to its extensive coverage over time and across geographical regions. However, there are several 
limitations associated with this dataset. Firstly, participation in the survey is voluntary, leading to 
incomplete data availability. Secondly, some member countries refrain from disclosing the value of 
their foreign holdings due to concerns about anonymity loss, which conducted to some missing data. 
Additionally, in cases where the value in dollars is equal to or less than $500,000 USD, a zero is 
indicated. The table 11 of the dataset is the one I focused on and the monetary unit used is the dollar.  
 
The data for the benchmark (a, b1, c and d) are from a combination of the World Bank database and 
from Refinitiv when missing. This second source of data has been verified to be concordant with the 
World Bank. 

5.2.1.2 Foreign Bias 

As previously mentioned, the last objective of this thesis is to identify deviations from optimal CAPM 
allocation other than to the home country. Those deviations represent investment biases and the 
thesis aims at finding a theoretical ground for those deviations. The methodology employed to identify 
these deviations involves calculating the Foreign Bias using a slightly modified version of one of the 
two general formulas for the Home Bias (equation 3). 
 

 𝐹𝐵 =  𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗
′𝑠 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑖 ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠 % (𝑎/𝑏) −  

𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑖 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (𝑐)

𝑤𝑜𝑟𝑙𝑑 𝑐𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (d)
 (6) 

 
(a) The market capitalization of  𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑖  stocks held by 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗  in year t. 

(b) The market capitalization of the total portfolio of stocks of 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗 (the aggregation of 

portfolios of all investors in 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗). 

This is equal, for year t, to:  
+ (b1) the market capitalization of 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗

′𝑠 stocks of 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗.  

- (b2) the market capitalization of 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗’s stocks held by foreign countries.  

+ (b3) the market capitalization of foreign stocks held by 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑗. 

(c) The market capitalization of the global stock market minus the market capitalization of 
𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑖′𝑠  stocks. 

(d) The market capitalization of the global stock market. 

5.2.2 Independent variables : Sources, construction and limitations 

This section introduces the independent variables utilized to measure our hypotheses in our 
quantitative models. We discuss their sources, construction methods, and eventual limitations. Tables 
3 and 4 summarize the section, providing an overview of the variables and their characteristics. 

5.2.2.1 Home Bias 

Tax regime  

Both capital gain and dividend taxation data were sourced from the Tax Foundation Europe, which 
compiles extensive tax-related information about European countries. To facilitate analysis, I 
harmonized the data into a nine-grid classification system. Dividend regimes were differentiated using 
thresholds of 15% and 30%, while capital gains were categorized based on thresholds of 0% and 25%. 
Once classified in the 9-grid box, I allocated a tax score from 1 to 5 representing the weight tax has on 
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investors. 1 is allocated to the dark green case corresponding to tax heaven, 2 to the light green cases, 
3 to the diagonal cases (light orange), 4 to the dark orange case while the 5 is attributed to the red 
case representing the highest tax heavy countries. The major limitation of this data source is the one 
time measurement character of the variable, which impede a true analyze through time. Using a 5-
scale system for ranging values also result in loss of precision. 
The hypothesis one suggests that as tax regimes become more favorable, a propensity for Home Bias 
in investment is predicted to increase. 
 
Figure 5 : Tax Burden by country 

 

Source : own construction based on Tax Foundation Europe data 

 

The financial knowledge  

The data originates from the Flash Eurobarometer FL525, which tracks the level of financial literacy 
within the EU. While this source is comprehensive for EU countries, it lacks information for European 
countries outside the EU. For countries with incomplete information, I opted to assign them a score 
equivalent to that of a nation I deem comparable. For instance, assigning the same score to Norway as 
to Sweden results in both countries being treated equally, potentially overlooking nuanced differences 
between them. An important limitation is the static information character as this study was realized in 
2023.  
Overall, the hypothesis two proposes that as financial literacy increases, the tendency for Home Bias 
is anticipated to decrease. 

 

Technological influence and mastery  

This variable is using the percentage of citizens using the internet every year since 1990 as a measure 
of technological advancement of countries. The information is collected on the International 
Telecommunication Union Datahub which is the world’s richest source of information and 
communication technologies (ICT) statistics and regulatory information. The limitation of this variable 
lies in the ability of internet usage to capture the technological influence and asymmetry information 
relation with the studied phenomenon.  
The hypothesis three states that as the usage percentage increase, the Home Bias is expected to 
decrease. 
 

Economic growth  
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The data regarding economic growth are measure through the gross domestic product (GDP) and are 
extracted from the World Bank, which systematically collects the GDP of each country for every year. 
This suggests that economic prosperity and growth could play a significant role in shaping investment 
preferences and biases.  
The hypothesis four posits that countries experiencing higher GDP growth rates are more likely to 
attract significant inflows of capital, potentially leading to an increase in Home Bias as citizen investors 
do not have any reason not to invest disproportionally in their country. 

 

Stock market return   

In a similar vein to GDP growth, the focus shifts to the performance of countries' stock markets, with 
data sourced from the World Bank. While there may be correlations between GDP growth and stock 
market performance, numerous factors can cause them to vary independently or even move in 
opposite directions.  
The hypothesis five suggests that countries with higher recent stock market returns are likely to attract 
greater inflows of capital, potentially leading to an increase in Home Bias.  

 

The market capitalization  

The size of a country's stock market, as an indicator of investment opportunities and capital flow, is 
derived from data obtained from the World Bank and completed with Refinitiv data when missing. 
Although not exactly the same, their correlation has been verified by multiples countries validating the 
dataset.  
The hypothesis six suggests that countries with larger stock markets are more likely to be judged as 
sufficient diversifier by citizens resulting in an increase in Home Bias. 

 

The number of listed companies  

The World Bank has a dataset on the number of listed companies per 1.000.000 citizens. This indicator, 
in essence similar to market capitalization, serves our purpose as it shows the size of domestic 
investment universe available to citizens. This dataset although very useful has a consequent number 
of missing data. To solve the issue I copied the previously known value for each data that was missing. 
Doing this suppose the number of listed companies has moved proportionally to the population.  
The hypothesis seven suggests that the larger the domestic investment universe, the higher the Home 
Bias. 

 

The age of investors 

The dataset is coming from Eurostat, which compile the average age of citizens. I made the important 
assumption that the average age of investors is the same as the one of citizens in order to test the 
potential correlation between the age and the bias.  
This hypothesis suggests that the older the investor gets, the more biased he is.  

 
The propensity to save 

The propensity to save, derived from World Bank data, represents the gross savings of a country as a 
percentage of its GDP. This metric serves as both a risk and economic indicator. A high savings 
percentage may reflect a country's wealth, as well as the population's inclination to preserve financial 
resources rather than engage in spending. Consequently, such nations may harbor citizens who exhibit 
risk-averse investment behaviors, seeking familiarity and security in their investment choices. 
The hypothesis nine posits that the higher the propensity to save, the higher the Home Bias.  
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Those nine variables will be tested out in our quantitative models to find their potential contribution 
to the Home Bias, explaining either its decrease or persistence.  
 
The following table summarizes the information delineated in this chapter segment.  
 
Table 3 : Independent variables : Sources, construction and limitations 

Name 
Explicative 

Factors 

Intuitive 
relationship 

with the 
Home Bias 

Approximation 
– Independent 

variables 
Source 

 
Name 

F1 Tax regime Negative 
Own 
construction 

 Tax foundation - 
Europe 

Tax 

F2 
The financial 
knowledge of 
citizens 

Negative 
Financial 
literacy score 

 European Union 
Dataset 

Literacy 

F3 
Technological 
influence and 
mastery 

Negative 
Internet usage 
rate 

 ITU Datahub Internet 

F4 
Economic 
growth  

Positive GDP growth 
 World Bank (The 
global economy) 

GDP 

F5 
Stock market 
return of 
countries 

Positive Stock return The World Bank Return 

F6 
Market 
capitalization 

Positive 
Country 
capitalization 

The World Bank + 
Refinitiv 

Cap 

F7 
Listed 
companies 

Positive 

Number of 
listed 
companies by 
inhabitants 

The World Bank 
Listed 

companies 

F8 
Age of 
investors 

Positive 
Mean age of 
inhabitants 

Eurostat Age 

F9 
Propensity to 
save 

Positive  
Savings as a % 
of GDP 

The World Bank Savings 

Source : our construction 

5.2.2.2 Foreign bias  

After computing the Foreign Bias, I am endeavoring to establish an approach grounded in theoretical 
frameworks, employing a top-down methodology. This approach starts by identifying potential factors 
that may contribute to deviations, such as cultural affinities, geographical proximity, religiosity, or 
linguistic commonalities. These linking factors will assist us in creating groups for regression analysis, 
enabling us to identify correlations among countries. 
 
Cultural similarities  

The Cultural Similarity Index is a quantitative metric designed to assess the degree of cultural likeness 
between different groups of people through pairwise comparisons established by the Institute for 
Sociology at the Free University Berlin. It was developed within the framework of research on 
transnationalization and aims to elucidate the breadth and depth of transnational connections. 
Grounded in the concept of culture as "relatively stable interpretive frameworks and values shared by 
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a collective and utilized in understanding the world" (Gerhards, 2000), the index draws upon questions 
derived from the European Social Survey that pertain to the value dimensions proposed by Shalom 
Schwartz. Ranging from 0 to 1, with 1 indicating maximum similarity and 0 indicating minimum 
similarity (or maximum dissimilarity), this index facilitates the identification and explanation of biases 
within clusters.  
The first linking factor posits that nations sharing a comparable culture are more inclined to exhibit an 
investment bias toward each other.  
 
Physical distance  
This dataset records the distances in kilometers between European capital cities. It was compiled by 
Kristian Skrede Gleditsch, the Regius Professor of Political Science in the Department of Government 
at the University of Essex.  
The linking factor two suggests that countries physically closer are more prone to exhibit bias toward 
each other.  

 

Official languages and spoken languages  

Europe, comprising approximately 50 countries, boasts a rich linguistic landscape where each nation 
typically possesses its own distinct national language. In certain instances, countries may even have 
multiple official languages. Along the borders of countries, languages often overlap, leading to 
linguistic interchangeability among residents of neighboring regions. This linguistic affinity may foster 
a sense of cultural similarity and shared identity, thereby influencing attitudes and perceptions 
towards other nations. Those variables were constructed by attributing a number to each official and 
spoken language to further develop the results of this linking factor according to data from the “One 
World Nation Online” website. 
 

Official 
1 : French 
2 : German 
3 : Hungarian 
4 : Italian 
5 : Swedish 

 
 

Spoken 
1 : Danish 
2 : English 
3 : Finnish 
4 : German 
5 : Hungarian 
6 : Norwegian 
7 : Swedish  

 
Linking factors three and four suggest that countries sharing a common language, either official or just 
spoken, are more likely to exhibit bias toward each other.  
 
Religion  
The 2019 Eurobarometer survey enables the classification of countries based on their dominant 
religion, despite certain nations displaying a low level of religiosity. To undertake this distinction, I 
categorized combinations of countries into four distinct groups. It is plausible to hypothesize that, even 
if the populace is less religious compared to previous eras, remnants of religious precepts and beliefs 
persist, exerting influence.  
 

- 0: Differing dominant religions 
- 1: Both countries have Christianity as their dominant religion 
- 2: Both countries have Protestantism as their dominant religion 
- 3: Both countries have Orthodoxy as their dominant religion 

 
This last linking factor posits that countries sharing a common dominant religion may be inclined to 
invest more in each other than in nations with differing religious beliefs. 
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Table 4 : Linking factors for Foreign Bias : Source, construction and limitations 
 

Name 
Potential 

clusters links 

Intuitive 

relation with 

the deviation 

Source Abbreviation 

L1 
Cultural 

similarities 
Positive 

 Institute of Sociology – Free 

University Berlin 
CULT 

L2 
Physical 

distance 
Positive 

 Kristian Skrede Gleditsch 

(Regius professor – University 

of Essex)  

DIST 

L3+L4 

Official 

languages 

and spoken 

languages 

Positive One World Nations Online 

OFFL (official 

languages) 

SPOL (Spoken 

languages) 

L5 Religion Positive Eurobarometer REL 

Source : our construction  

This chapter concludes the presentation of both independent variables and grouping factors. In the 
following chapter, we will describe the construction of quantitative models using the outlined data, 
facilitating the verification of our theoretical hypotheses. 
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6 Empirical models  

This chapter is dedicated to outlining the models employed to achieve our research objectives and the 
methodology utilized to construct them. We will begin by providing descriptive statistics to elucidate 
the characteristics of each variable under consideration. Subsequently, based on the nature of the 
variables, we will perform either linear regression or panel regression. The resulting analyses will then 
be scrutinized to address the hypotheses formulated earlier, thereby advancing our research 
objectives. Lastly, multiples principal component analysis will be conducted to boost the results related 
statistical inference.  

6.1 Descriptive statistics 

6.1.1 Home Bias 

Firstly, it is pertinent to highlight that both methodologies employed for computing the Home Bias, as 
delineated in Section 5.2.1.1, yield nearly identical outcomes. Consequently, using either will results in 
the same conclusions. I have opted to proceed with the findings derived from the second approach. 
 
The "Bias" variable, representing the Home Bias, ranges from 0 to 1 as exhibited in the summarizing 
table 5, with a mean of approximately 0.56 implying a consequent deviation from optimal allocation. 
Notably, it exhibits a considerable spread around the average, as evidenced by a standard deviation of 
0.234, indicating the extent of variability in values. The slightly positive asymmetry (skewness) of 0.13 
suggests a tendency towards higher bias values, while the kurtosis (2.36) indicates a distribution that 
deviates from normality, likely due to the bounded nature of the variable. These descriptive statistics 
underscore the diverse and nuanced nature of domestic bias within the dataset. 
 
Table 5 : Descriptive statistics 

Sample composed of 23 European countries from 2001 to 2022.  

 

Source : Stata based on our database 

 
Analyzing the trends, it becomes evident that several major economies have witnessed notable 
changes in their Home Bias levels. For instance, the United Kingdom and Italy experienced substantial 
decreases over the analyzed period, with the UK's home bias declining from 0.7 to 0.27. Similarly, Italy 
underwent a similar reduction in its Home Bias. Conversely, countries like France have also seen 
decreases in their Home Bias, albeit to a much lesser extent, with France maintaining a bias of nearly 
0.6 in 2022, from 0.78 at the beginning. 
 
In contrast to these trends, the Netherlands emerges as an interesting case, demonstrating minimal 
bias in its investment portfolios over the last five years. Despite fluctuations in global markets and 
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economic conditions, the Netherlands appears to have consistently maintained a balanced allocation 
strategy in its investment decisions till the point of respecting its CAPM allocated weight. 
 
Furthermore, upon examining the graphical representation provided in figure 14, it becomes apparent 
that certain countries, including Romania, Greece, and Poland, show persistently high levels of bias 
throughout the analyzed period. Despite different economic dynamics, these countries appear to 
consistently favor domestic assets in their investment portfolios. 
 
Acknowledging the longitudinal nature of the dataset encompassing 23 countries over a span of 22 
years, the analysis reveals variable economic trends and market behaviors.  
 
Delving into the "Internet” variable which represent internet usage reveals a broad spectrum of values, 
spanning from as low as 4.5% in 2001 to as high as 99.9% in 2022, with an average of approximately 
71%. However, despite this overall increasing average through time, there exists significant variability 
across different countries, as indicated by a standard deviation of 22. 
 
One noteworthy observation is the stark contrast in internet usage trends among various nations. For 
instance, Romania experienced a remarkable surge in internet usage, starting the analysis period at a 
mere 4.5% and concluding with a substantial 85.5%. This remarkable leap positions Romania above 
countries like Italy, Portugal, and Greece in terms of internet penetration in 2022. 
 
Interestingly enough, while analyzing the relationship between Home Bias levels and internet usage 
rates, it becomes apparent that countries with elevated levels of Home Bias tend to fall within the 
category of nations with less than 90% internet usage in 2022 (9 out of 23). This correlation suggests 
that a higher inclination towards domestic assets may be associated with lower levels of internet 
adoption. 
 
Conversely, "Tax" as only measured once, remain quite static across the dataset, with values primarily 
clustering between 2 to 5, and a mean of 3.39. The same analyze can be applied to “Literacy”, which 
demonstrate the lowest standard deviation of all variables and fit into the range 0.61 – 0.763.  
 
Among the countries studied, the mean age stands at approximately 40.54 years. Notably, there is a 
considerable range in ages, with the youngest recorded age being 33 years old and the oldest reaching 
48 years old. This wide span of 15 years highlights the diversity in age distributions across the dataset's 
countries but more importantly the aging population through the years. Analyzing individual countries' 
data sheds additional light on age distributions. For instance, Iceland exhibits the youngest population, 
with a mean age of 35 years, while Italy has the oldest population, with a maximum age of 48 years. 
This disparity in mean ages among countries underscores the demographic diversity captured within 
the dataset. Again, countries experiencing higher bias tend to have an individual mean lower than the 
overall one.  
 
Analyzing the "GDP" variable across different countries reveals that the mean across all countries is 
approximately 2% corresponding to the inflation target in Europe. The minimum recorded GDP is              
-14.63%, was experienced in Estonia in 2009, while the maximum of 12% was reached by Latvia in 
2006. We find that the standard deviation is approximately 3.5, suggesting considerable variability in 
economic output across countries. The coefficient of variation, which measures the relative variability 
of GDP, is about 1.7, indicating that the dispersion of GDP values around the mean is moderate. 
 
Furthermore, looking at individual countries, we observe notable differences. For instance, Austria has 
a mean GDP of 1.43, while Czech Republic has a mean GDP of 2.52, indicating differences in economic 
performance between these two countries. Similarly, Greece has a relatively high coefficient of 
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variation for GDP at 14.58, suggesting higher variability in economic output compared to other 
countries in the dataset notably due to the 2011 crisis.  
Considerable disparities in market capitalization among different countries are readily apparent when 
examining contrasting market environments. The United Kingdom stands out as the largest economy 
in this regard, while Latvia represents the smallest stock market. To gain deeper insights into the 
market size potential available to citizens, it may be more illuminating to consider the variable "Listed 
companies," which is normalized by each country's population. 
 
Interestingly, Iceland emerges as the leader in this measure, whereas Czech Republic finds itself at the 
lower end of the spectrum. Despite the average number of listed companies per 1 million inhabitants 
being 24, the median is notably lower at 13.5, suggesting a skew towards higher values, notably 
exemplified by Iceland, which exhibits an outlier at 222.  
 
Iceland once again emerges as an outlier in the analysis of the "Return" variable, notably due to its 
staggering -86% return in 2009, coinciding with the country's bankruptcy. Conversely, Slovakia 
witnessed a remarkable surge of 105% in 2005, a phenomenon potentially linked to 2004’s adhesion 
to the European Union. 
 
The average annual stock market return across the examined period stands at 5.5%, aligning closely 
with expectations for the European continent in terms of average return. However, the variable 
exhibits a high kurtosis, indicating heightened volatility. This variability stems from the diverse range 
of years under scrutiny, characterized by starkly contrasting market conditions. Some periods 
witnessed exuberantly positive returns amidst economic booms or bubbles, while others were marred 
by crises such as the financial crisis, sovereign debt crises, and the COVID-19 pandemic, thereby 
contributing to the observed volatility in the variable. 
 
When examining the “Savings” variable, it is notable that both the mean and median values are closely 
aligned, standing at 23.3% of savings to GDP. This proximity suggests a relatively stable distribution of 
savings across the dataset. The coefficient of variation, calculated at 0.29, further supports this 
observation, indicating minimal variation in savings percentages. 
 
However, it is important to recognize that the variability within the dataset is influenced by outliers, 
particularly evident in countries with notably high savings percentages such as Norway and 
Switzerland, where savings can reach up to 49.5% of GDP. Conversely, Iceland's data point in 2008 
presents a stark contrast, with a mere 1.6% of savings to GDP, contributing to the overall variability 
observed. 
 
Table 7 : Correlation matrix (Pearson) without the Home Bias variable 
 

 

Source : Stata based on our database 
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Table 7 presents the Pearson correlation coefficients between the independent variables to be utilized 
in our quantitative analyses. These coefficients gauge the degree of linear relationship, commonly 
referred to as the degree of co-movement, existing between two variables. They range from -1 to 1, 
where both extremes signify a perfect correlation or decorrelation respectively between two variables. 
They fluctuate precisely in the same proportions and either in the same direction if the coefficient is 
1, or in opposite directions if the coefficient is -1. 
 
In the table provided, two correlations stand out as particularly noteworthy, aligning with the 
observations highlighted by Cooper et al. (2012). Specifically, a positive correlation is observed 
between the financial literacy and internet usage variables, suggesting that individuals with greater 
mastery of technology are more financially educated. Additionally, a similar positive correlation is 
observed between GDP and stock market returns, indicating that periods of higher GDP growth 
coincide with higher returns in the stock market. Both of these relationships offer reasonable 
explanations based on economic principles and empirical evidences. However, it is important to note 
that correlation does not imply causation, and further analysis is necessary to confirm these 
relationships and explore potential underlying mechanisms. 
 
This correlation matrix is also crucial for the principal component analyses we conduct. Indeed, this 
type of analysis relies on the correlation matrix. If all correlation coefficients were close to zero, the 
analysis would lack significance. 

6.1.2 Foreign Bias 

Initially, our exploration delves into the Foreign Bias, an indicator of divergence from optimal allocation 
prescribed by the CAPM. The distribution unveils a median deviation hovering around -0.001, signifying 
a balanced distribution on a median basis. This also suggests that on a median basis, countries respect 
ideal allocation in our selected dataset. With a mean deviation of approximately -0.0037 and a 
standard deviation of 0.0145, the dataset manifests a relatively constrained dispersion. Nevertheless, 
positive skewness of 1.229 hints at a skewed distribution towards higher deviation values, while a 
kurtosis of 26.09 accentuates the presence of heavy-tailed outliers. The dataset spans from a minimum 
of -0.080 to a maximum of 0.228, underscored by noteworthy overweight and underweight deviations 
among certain countries. 
 
Certain countries exhibit persistent overweight towards specific counterparts throughout the study 
period. Notable relations (the first country overweighting the second) are Austria-Germany; Belgium-
France, Czech Republic-Austria; Czech Republic-Belgium; Estonia-Finland; Finland-Sweden; Portugal-
Spain; Slovakia-Austria. These represent eight out of 506 relations demonstrating an average positive 
deviation of at least three percent, rendering them the most biased relations. Interestingly, only 92 
out of 506 relations exhibit a positive bias, suggesting that, on average, a country overweight one-fifth 
of its investments. The five previously identified linking factors aim to elucidate potential reasons 
underpinning deviations from optimal allocation. 
 
Additionally, an intriguing observation emerges regarding the underweight of the United Kingdom in 
many countries' portfolios. Despite boasting the largest capitalization in our sample with 3.9% of the 
world portfolio in 2022, the UK is consistently underweighted, with an average negative deviation of 
3.27%. Norway and The Netherlands emerge as the sole countries overweighting the UK. 
 
Transitioning to the "CULT" variable, which gauges societal norm and value similarities among 
countries, its median stands at 0.628 (index ranging from 0 to 1), indicative of a moderately similar 
cultural landscape. The data portrays a slight negative skewness (-0.127) and a kurtosis of 2.421, 
suggesting a distribution slightly skewed towards lower cultural similarities with sporadic outliers. 
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Noteworthy relations include Iceland-Italy, showcasing the lowest cultural correlation (0.364), and 
Belgium-Spain (0.863), emerging as the most culturally related. 
 
Furthermore, the "DIST" variable delineates geographical separation between countries' capitals. With 
a median distance of 1288 km, the dataset spans from a minimum of 62 to a maximum of 4138km. 
Positive skewness of 0.681 indicates a distribution skewed towards shorter distances, while a kurtosis 
of 3.032 hints at heavy-tailed outliers, amplifying dataset variance. This skewness underscores the 
geographical proximity of European countries. 
 
"OFFL" and "SPOL" variables serve as categorical variables with different number each representing a 
language. Notable observations include German being the most shared language in Europe, with four 
countries listing it as an official language and eight recognizing it as a spoken language. Nordic 
languages and Hungarian exhibit similar spoken trends, while French is official in three countries.  
 
Lastly, the "REL" variable, scaling between zero and three, reveals thirteen countries sharing 
Christianity as their dominant religion, while eight out of twenty-three studied countries adhere to 
Protestantism. Greece and Romania emerge as the sole representatives of Orthodox Christianity. 

6.2 Panel regression  

In this section, we lay down the theoretical foundations of panel data regressions, outlining the 
potential estimation models applicable to this data type. Subsequently, we delve into the construction 
of our panel regressions, encompassing linear equations, assumptions, and statistical tests for 
selecting the estimation model that fits best.  
 
Panel regression, also known as longitudinal data analysis or panel data analysis, is a statistical method 
used to analyze data that contains both cross-sectional and time-series dimensions. It is particularly 
useful in our case as we have data collected over multiple time periods for multiple countries. Panel 
regression methods account for the panel structure of the data by considering the correlation of 
observations within the same entity over time. This helps to improve efficiency and address issues such 
as serial correlation and heteroscedasticity that may arise in cross-sectional or time-series data analysis 
alone. 

6.2.1 Panel econometrics principles 

The generalized panel regression equation, as formulated by seminal scholars such as Wooldridge 
(2010), serves as a fundamental framework in econometrics.  
 

𝑦𝑖𝑡 =  β0 + β1x1,𝑖𝑡 + β2x2,𝑖𝑡 + ⋯ + β𝑘x𝑘,𝑖𝑡 +  ℇ𝑖𝑡  (7) 
 
It studies the links between the dependent variable 𝑦 and a matrix of k independent variables x1 ,…, x𝑘. 
Within this equation, the residual term ℇ𝑖𝑡 amalgamates both individual-specific errors 𝑎𝑖and random 
errors 𝑒𝑖𝑡 , elucidating the interplay between observable and unobservable variables. 
 

ℇ𝑖𝑡 = 𝑎𝑖 + 𝑒𝑖𝑡 

6.2.1.1 Ordinary Least Squares 

Ordinary Least Squares (OLS) is a statistical method used to estimate the parameters of a linear 
regression model by minimizing the sum of the squared differences between the observed and 
predicted values of the dependent variable. It is widely employed in econometrics and other fields for 
modeling relationships between variables. In the context of panel data analysis, this method overlooks 
temporal and individual dimensions and conducts a straightforward analysis. This means that the data 
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from each entity are aggregated together without considering the temporal or individual structure. 
This model relies on numerous assumptions, including the absence of correlation between the 
individual-specific effects of unobservable variables (represented by the term 𝑎𝑖   for each individual 𝑖) 
and the independent variables. This prerequisite, called exogeneity is articulated as follows, for any 
individual 𝑖, any year 𝑡, and all independent variables (x1 ,…, x𝑘):   
 

𝐶𝑜𝑣 (𝑥𝑖𝑡 , 𝑎𝑖) = 0 
 
The assumptions for this model are the same as for the simple regression model as described by 
Greene (2012). There are six of them: 
 
 - The model is linear: 𝑦𝑖 =  β0 + β1x1,𝑖 + β2x2,𝑖 + ⋯ +  β𝑘x𝑘,𝑖 +  ℇ𝑖 

 - There is no perfect collinearity: 𝑟𝑎𝑛𝑘 (𝑋) =  𝑟𝑎𝑛𝑘 (𝑋′ 𝑋) = 𝐾,   

where 𝑋 is the factor matrix with K columns and 𝑁 = 𝑛𝑡  rows.  

- Exogeneity: 𝐸 (ℇ𝑖𝑡|𝑋) = 0 ; 𝐶𝑜𝑟 (ℇ𝑖𝑡 , 𝑋) = 0,  

- Homoscedasticity: 𝑉𝑎𝑟 (ℇ𝑖𝑡|𝑋) = 𝐸 (ℇ2
𝑖𝑡|𝑋) =  𝜎², 

- No cross section or time series correlation: 𝐶𝑜𝑣 (ℇ𝑖𝑡 , ℇ𝑗𝑠|𝑋) = 𝐸 (ℇ𝑖𝑡ℇ𝑗𝑠|𝑋) = 0           𝑖 ≠ 𝑗; 𝑡 ≠ 𝑠,  

- Normal distribution of the disturbances ℇ𝑖𝑡.  

 
While the method is simple and easy to implement, it overlooks critical features of panel data, leading 
to biased and inefficient estimates. Thus, I chose to focus on other panel regression techniques, such 
as fixed effects or random effects models, which are preferred as they account for individual and time 
effects, handle correlation within units, and provide more efficient estimation. Both are based on 
indigeneity. 
 

𝐶𝑜𝑣 (𝑥𝑖𝑡 , 𝑎𝑖)  ≠ 0 
 
for any individual 𝑖, any year 𝑡, and all independent variables (x1 ,…, x𝑘). 

6.2.1.2 Hausman test 

The Hausman Test, also known as the Hausman specification test, serves to identify endogenous 
regressors within a regression model. Endogenous variables are those whose values are influenced by 
other variables within the system. The presence of endogenous regressors can undermine the validity 
of OLS estimators, as one of the assumptions of OLS is the absence of correlation between predictor 
variables and the error term. In such cases, instrumental variables estimators may offer an alternative 
solution. However, before determining the most appropriate regression method, it is crucial to 
ascertain whether predictor variables are indeed endogenous, a task for which the Hausman test is 
designed.  
 
The Hausman test helps choosing between fixed effects and random effects models. The null 
hypothesis posits that the exogeneity hypothesis is respected and, by default, the preferred model is 
the random effects model, while the alternative hypothesis if the null hypothesis is rejected suggests 
the fixed effects model. Essentially, the test examines whether there exists a correlation between the 
unique errors and the regressors in the model, with the null hypothesis assuming no such correlation. 
 
Interpreting the results of a Hausman test is relatively straightforward: a small p-value (less than 0.05) 
leads to the rejection of the null hypothesis. However, it is important to note that there exist various 
versions of the test, each with different hypotheses and potential conclusions.  
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6.2.1.3 Fixed effects model 

The fixed effects method accounts for unobserved heterogeneity among entities that are constant 
over time. This method is particularly useful when there are time-invariant characteristics of entities 
that may affect the dependent variable. In fixed effects, the equation is expressed as follows: 
 

𝑦𝑖𝑡 =  𝑎𝑖 +  β1x1,𝑖𝑡 + β2x2,𝑖𝑡 + ⋯ +  β𝑘x𝑘,𝑖𝑡 + ℇ𝑖𝑡 (8) 
 
Where compared to the OLS equation, there is no more constant term. Instead of the β0 term, this 
model present an individual-specific component capturing their specific characteristics or behaviors 
that influence the dependent variable. However, it is important to note that the slopes (parameters) 
remain the same for all individuals, indicating that the effects of the independent variables on the 
dependent variable are constant across individuals. Fixed effects estimation is particularly useful when 
there is concern about omitted variables that vary across entities but are constant over time. By 
including entity-specific fixed effects, this method controls for such unobserved heterogeneity. 
 
When our software, Stata, performs panel regression using fixed effects, it uses the "within" method, 
also known as the fixed differences method. This method eliminates unobservable individual effects 
by subtracting individual means of each variable for each individual, effectively taking the difference 
between each observation and the individual mean for each individual (Balgati, 2005). 
 
The "within" method is generally preferred over the alternative method which is the Least Squares 
Dummy Variable (LSDV) approach. This is because the "within" method eliminates individual effects, 
which can lead to more efficient estimates and allows for controlling for time-invariant variables 
without relying on additional dummy variables, as in the LSDV approach. However, there is debate 
over the choice as some prefer the LSDV method, which maintains the estimation of the constant and 
provides correct R² and standard errors, unlike the “within” estimator where these values are biased. 
 
Despite its advantage, fixed effects estimation also has limitations. It requires a large number of 
periods to effectively control for entity-specific effects, and it cannot estimate the effects of time-
invariant independent variables. Additionally, fixed effects models assume that the entity-specific 
effects are uncorrelated with the independent variables, which may not always hold true (Wooldridge, 
2010). 

6.2.1.4 Random effects model 

The last method, the random effects method allows for unobserved heterogeneity among entities 
while assuming that entity-specific effects are random variables with specific distributional 
assumptions. This method is useful when there are unobserved entity-specific characteristics that may 
be correlated with the independent variables. The individual-specific component 𝑎𝑖  is not treated as a 
fixed parameter and it is not estimated separately. Instead, it is considered as a random variable with 
mean µ and variance . The random effects model can thus be written as: 
  

  
 
where µ is the average individual effect.  
 
Let µ𝑖𝑡 = (𝑎𝑖 −  µ) + ℇ𝑖𝑡  and (9) can be rewritten as:  
 

 
 

(9) 
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The random effects model allows for unobserved entity-specific effects that are correlated with the 
independent variables. Random effects estimation is particularly useful when there are time-invariant 
unobserved characteristics of entities that may affect the dependent variable and are correlated with 
the independent variables. By including random effects, this method accounts for such unobserved 
heterogeneity. This model can be viewed as a combination of the OLS and fixed effects models. At each 
period, one of these two models is chosen based on the autocorrelation of the error term 𝑎𝑖. 
 
However, random effects estimation also has limitations. It assumes that entity-specific effects are 
uncorrelated with the independent variables, which may not always hold true. Additionally, random 
effects models do not provide estimates of the effects of time-invariant independent variables (Baltagi, 
2005). 

6.2.1.5 Stationarity 

Testing stationarity in panel regression is crucial to ensure the validity of the obtained results. 
Stationarity implies that the statistical characteristics of the time series, such as mean and variance, 
remain constant over time. If data is non-stationary, it can compromise the efficiency of estimations 
and lead to biased results. In panel regression, where data is collected over multiple time periods for 
several individual units, stationarity is essential as it ensures the stability of relationships between 
variables over time. Testing stationarity also helps identify trends or temporal patterns that could 
affect analysis outcomes. By ensuring data stationarity, one ensures reliable coefficient estimations 
and interpretable regression results. 
 
Table 8 : Stationarity test : Levin-Lin-Chu test for Home Bias 

H0: Panels contain unit roots  <>  Ha: Panels are stationary 

 

Source : Stata based on our database 

The unadjusted t-statistic is -5.69, indicating significant evidence against the null hypothesis of unit 
roots. The adjusted t-statistic is -2.67 with a p-value of 0.0038, which also suggests the rejection of the 
null hypothesis. This provides further evidence that the panels are stationary. 

6.2.2 Models 

6.2.2.1 Home bias model 

The employed model will seek to ascertain the prospective utility of identified explanatory factors 
across the studied timeframe. Our objective is to scrutinize the interplay among Home Bias, tax 
burden, financial literacy, internet usage, economic growth of nations, stock market size (2 measures), 
their associated returns, investor age and their saving tendency. The equation is expressed as follows: 
 

𝐻𝐵𝑖𝑡 = 𝑐 + 𝛽1𝑇𝐴𝑋𝑖𝑡 + 𝛽2𝐹𝐼𝑁𝑖𝑡 + 𝛽3𝑇𝐸𝐶𝐻𝑖𝑡 + 𝛽4𝐺𝐷𝑃𝑖𝑡 + 𝛽5𝑅𝑇𝑅𝑁𝑖𝑡 + 𝛽6𝐶𝐴𝑃𝑖𝑡 + 𝛽7𝐶𝑂𝑀𝑃𝑖𝑡

+ 𝛽8𝐴𝐺𝐸𝑖𝑡 + + 𝛽9𝑆𝐴𝑉𝐸𝑖𝑡 + 𝑢𝑖𝑡 
 
To conduct a robust regression analysis, three variables required normalization. I opted to apply 
natural logarithm transformations to the variables "Cap," "Comp," and "Age" to achieve normal 
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distributions. However, subsequent regression analyses using both fixed and random effects revealed 
that certain variables were not statistically significant in one or both methods, as evidenced by p-values 
exceeding our chosen 0.05 significance level. Notably, the variable "Cap" showed insignificance in both 
methods. Despite this, recognizing the theoretical significance of studying market size, I chose to retain 
the variable in my regression model. Moreover, removing the variable could overlook potential indirect 
effects or interactions it may have with other variables in the model. Thus, retaining "Cap" ensures a 
more comprehensive and nuanced understanding of the relationships between variables and the 
Home Bias phenomenon.  
 
To bolster the robustness of my choices, I concurrently looked at the correlation matrix (table 7) and 
conducted the following variance inflation factor test (VIF - table 9) to assess the extent of 
multicollinearity in the regression analysis. This additional examination aimed to ensure the integrity 
of the regression model by identifying and addressing any issues stemming from multicollinearity 
among the predictor variables. Scholars commonly use specific thresholds to identify multicollinearity. 
A VIF value less than 5 is generally considered acceptable, indicating that multicollinearity is not a 
concern. Values between 5 and 10 suggest moderate multicollinearity while value greater than 10 
indicates high multicollinearity, suggesting that the predictor variables are highly correlated and 
typically requiring corrective action, such as removing or combining variables. In our case, the test 
confirms tolerable levels reinforcing my choice of keeping the “Cap” variable. 
 
Table 9 : Variance inflation factor 

 

Source : Stata based on our database 

Regrettably, owing to the no statistical relevance and minimal explanatory power observed in the 
variable "SAVE" I made the decision to omit it from further analysis. Consequently, I opted not to 
evaluate the ninth hypothesis, which posited that the inclination to save could serve as a determinant 
influencing Home Bias. 

6.2.2.1.1 Ordinary Least Squares 

This method is based on the six assumptions outlined in the point 6.2.1.1. The first condition pertains 
to the linearity of the model, which can be assessed through scatter plots depicting the relationship 
between Home Bias and each independent variable (figures 18 to 26). These figures are very instructive 
about the allure of the link between both variables and helps us easily seeing correlation sign.  
 
The second condition concerns the absence of multicollinearity among independent variables and can 
be evaluated using correlation matrices or variance inflation factors, which were just detailed. The 
third condition concerns exogeneity, as discussed in the theoretical section on panel regressions. It will 
be tested later using the Hausman test. 
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The forth condition involves homoscedasticity of residuals, indicating a constant variance of error 
terms. This condition is assessed using The Wald test for groupwise heteroscedasticity that tests the 
null hypothesis, stating that the variance of the error term is the same across all groups (in this case, 
countries) in the panel data model. In our output, the chi-square test statistic is 2144.35 and the p-
value associated with the chi-square test statistic is 0.0000. It indicates strong evidence against the 
null hypothesis. We reject the null hypothesis of homoscedasticity in favor of the alternative 
hypothesis of groupwise heteroscedasticity (unequal error variances across groups). This suggests that 
the error variances differ significantly across the different countries. Concurrently, Breusch-Pagan test 
associated with a high p-value, far superior to significance level, imply that we fail to reject the null 
hypothesis suggesting that there is no evidence of heteroscedasticity this time in the error terms. 
 
The fifth condition pertains to the absence of residual autocorrelation, which is evaluated using the 
Durbin-Watson and Breusch-Godfrey tests. Both result in evidence of autocorrelation within the 
residuals. The last condition stipulates that the errors terms are assumed to follow a normal 
distribution. Based on the Shapiro-Wilk test results for normality, it appears that none of the variables 
nor the residuals have p-values greater than 0.05, indicating that they do not follow a normal 
distribution. This suggests that the assumption of normality of the variables do not hold. 
 
Table 10 summarizes these assumptions, their tests, and their outcomes. It can be asserted that the 
assumptions of homoscedasticity and absence of residual autocorrelation are not met. Consequently, 
the method of estimating OLS is biased. Indeed, it was highly likely that this method would not be 
suitable for our model as it fails to consider the diversity of the studied individuals or the temporal 
dimension, and it overlooks any unobserved individual effects that may exist (unobserved 
heterogeneity). 
 
Table 10 : Hypothesis verification for the OLS model 

 

Source : Stata based on our database 
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6.2.2.1.2 Fixed effects 

Coming back to our Hausman test, the following table sumps up our findings. Since the p-value is less 
than the conventional significance level of 0.05, we reject the null hypothesis that the difference in 
coefficients between the fixed effects and random effects models is not systematic. This suggests that 
the coefficients differ between the two models, indicating that the random effects model may be 
biased. Therefore, based on the Hausman test results, the fixed effects model appears to be more 
appropriate than the random effects model. 
 
It is noteworthy that we adjust the standard errors of estimates using the White estimator, which is 
robust to heteroscedasticity and error term autocorrelation. Specifically, the White tool has been 
tailored to the panel data context by Arellano (1987), who applied it to a fixed effects model. 
 
Table 11 : Hausman test for the Home Bias 

 

Source : State based on our database 

Results of this model will be delineated in the next chapter allowing us to verify our hypothesis.  

6.2.3 Foreign Bias model 

This model employs identical assumptions and independent variables as the Home Bias model, but it 
is executed based on theoretical groupings delineated by the five identified linking factors.  
 

𝐹𝐵𝑖𝑡 = 𝑐 +  𝛽1𝑇𝐴𝑋𝑖𝑡 + 𝛽2𝐹𝐼𝑁𝑖𝑡 + 𝛽3𝑇𝐸𝐶𝐻𝑖𝑡 + 𝛽4𝐺𝐷𝑃𝑖𝑡 + 𝛽5𝑅𝑇𝑅𝑁𝑖𝑡 + 𝛽6𝐶𝐴𝑃𝑖𝑡 + 𝛽7𝐶𝑂𝑀𝑃𝑖𝑡

+ 𝛽8𝐴𝐺𝐸𝑖𝑡 +  𝑢𝑖𝑡 
 
The grouping selection criteria are the following :  
 

DIST : Countries in the first decile of values 
CULT : Countries in the last quartile of values 
OFFL : Countries having an official language in common 
SPOL : Countries having a spoken language in common 
REL : Countries having the same dominant religion 
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I will further decompose the results of this regression to verify if our linking factors hypothesis were 
right. This model is once again based on fixed effect regression as the reasons were outline in the 
previous chapter’ sub-section. The variables pertaining to the distance and the culture cannot be 
decomposed any more but the other three will be segregated and decomposed as follow :  
 

 Official language (OFFL) 
- French : Belgium, France and Switzerland 
- German : Austria, Belgium, Germany and Switzerland 
- Hungarian :  Austria and Hungary 
- Italian : Italy and Switzerland 
- Swedish : Finland and Sweden 

 Spoken language (SPOL) 
- Danish : Denmark and Iceland 
- English : Iceland and The United Kingdom 
- Finnish : Estonia, Finland, Iceland, Norway and Sweden 
- German : Austria, Belgium, Denmark, Germany, Hungary, Iceland, Romania and 

Switzerland 
- Hungarian : Austria, Hungary, Romania and Slovak Republic 
- Norwegian : Iceland and Norway 
- Swedish : Finland, Iceland and Sweden 

 Religion (REL) 
- Christianity :  Austria, Belgium, Czech Republic, France, Germany, Hungary, Italy, 

Latvia, The Netherlands, Poland, Portugal, Slovak Republic and Spain 
- Protestantism : Denmark, Estonia, Finland, Iceland, Norway, Sweden, Switzerland and 

The United Kingdom 
- Orthodoxy : Greece and Romania 

6.3 Principal component analysis  

Our second set of quantitative studies comprises multiple principal component analyses of our sample. 
These analyses serve two main purposes: firstly, to supplement the statistical inference of the 
regressions conducted to verify hypotheses, and secondly, to examine disparities related to domestic 
bias across geographical areas, levels of economic development, and the ultimate level of bias. 
 
PCA is a fundamental statistical technique widely employed for dimensionality reduction and data 
exploration across various fields. Initially introduced by Pearson in 1901, PCA aims to condense the 
information contained in a high-dimensional data set into a smaller set of orthogonal variables called 
principal components (Jolliffe, 1986). 
 
The utility of PCA lies in its ability to transform a complex data set into a lower-dimensional space while 
retaining as much of the original variability as possible. This transformation is achieved by projecting 
the data onto a new set of axes defined by the principal components, where the first principal 
component captures the maximum variance in the data, followed by subsequent components in 
descending order of variance (Hotelling, 1933). In essence, one can envision that the software 
performing principal component analysis will identify a line through the eight-dimensional graph that 
best corresponds to the cluster of data points. This line is the one that maximizes the variance of the 
points' projections onto itself, thereby retaining as much information as possible from the data, 
including their variance. 
 
The methodology of PCA involves several key steps. First, the data is standardized to have a mean of 
zero and a standard deviation of one to ensure that all variables contribute equally to the analysis. 
Then, the covariance matrix of the standardized data is computed to quantify the relationships 
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between variables. The eigenvalue decomposition of the covariance matrix yields the eigenvalues and 
corresponding eigenvectors, which represent the variance and direction of the principal components, 
respectively (Jolliffe, 1986). 
 
Selection of principal components is based on the magnitude of the eigenvalues, with larger 
eigenvalues indicating greater variability in the data. Typically, only the first few principal components, 
accounting for a significant proportion of the total variance, are retained for analysis, while the rest 
are discarded. This allows for dimensionality reduction without substantial loss of information (Abdi 
and Williams, 2010). 
 
Despite its widespread application, PCA has certain limitations that must be considered. Firstly, PCA 
assumes linear relationships between variables, which may not hold true in all cases. Secondly, the 
interpretability of principal components may be challenging, particularly when dealing with a large 
number of variables. Additionally, PCA is sensitive to outliers, which can disproportionately influence 
the resulting principal components (Jolliffe, 1986). 
 
This chapter marks the conclusion of detailing our research objectives, sample characteristics, 
hypotheses, and their quantitative analyses methods. We have thoroughly explored the theoretical 
foundations and their practical implications within our sample, ensuring that our analytical results 
reflect reality and are relevant to our research context. In the next chapter, we will now present the 
findings and delve into their interpretations. 
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7 Empirical results 

This chapter presents the results of our regression models for Home and Foreign Biases, offering 
insights into the validation of our hypotheses and the potential linking variables. Following this, we will 
present the results of the principal component analysis, which will provide additional insights and 
enhance the statistical inference of our regressions. 

7.1 Models validity  

7.1.1 Home Bias model 

The table below displays the outcomes of the panel regression employing fixed effects, juxtaposed 
with a comparison against OLS results, thereby elucidating the enhancement derived from our model 
selection. It is worth noting that both the literacy and tax (“FIN” and “TAX”) variables cannot be 
assessed from the fixed effect model, as they remain constant over time. 
 
Table 9 : Home Bias panel regression model results 

 
Source : Stata based on our database 
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The fixed-effects regression model demonstrates an R² value of approximately 64%, indicating that it 
explains a substantial portion of the variability in the dependent variable. This suggests a moderately 
strong association between the independent variables and the Home Bias phenomenon. Conversely, 
the R² value for the ordinary least squares regression model is slightly lower at 56.8%, indicating a 
somewhat weaker relationship between the variables, despite incorporating two additional 
explanatory variables. Both models exhibit statistical significance, as evidenced by high F-statistics and 
low p-values (<0.000), indicating that the models effectively account for the variance in the dependent 
variable even at a significance level of 1%. However, a less stringent significance threshold of 5% is 
applied to assess the statistical significance of individual coefficients in each regression.  
 
The superior R² value and lower standard regression error of the fixed-effects model suggest a better 
fit compared to the OLS model. The standard error of the regression with fixed effect estimation is 
9.6%, notably lower than the 14.7% observed with OLS. While this level of error is not exceptionally 
low, it is typical for macroeconomic analyses. Consequently, we consider our fixed-effects model 
sufficiently precise and will proceed with our analysis based on its outcomes. 

7.1.2 Foreign Bias Model 

The tables 13 – 16 summarize information for the Foreign Bias model across various regressions, all of 
which (for table 13 only) exhibit p-values below the significance threshold, indicating their statistical 
significance.  
 
Starting with the OLS model on the table 13 for comparison, the R² value stands at 0.0421, indicating 
that approximately 4.21% of the variability in the deviation of investment allocation is accounted for 
by the independent variables. Meanwhile, the F-statistic yields a significant result indicating that the 
overall regression model is statistically significant. 
 
Transitioning to the fixed effects model on the whole sample, the R² value doubles to 0.0856. This 
indicates that incorporating country-specific effects enhances the model's explanatory power, 
accounting for approximately 8.56% of the deviation in investment allocation. Additionally, the 
significant F-statistic for the fixed effects model reinforces its statistical significance. 
 
Comparing standard errors between the two models reveals a notably lower standard error of the 
regression in the fixed effects model compared to the OLS model. This suggests a better fit of the fixed 
effects model to the data and higher precision in predicting the dependent variable. 
 
Further analysis involves comparing results from the fixed effects model on the whole sample to results 
obtained by selecting only countries’ combinations meeting specific criteria. The number of 
observations varies widely depending on the selected criteria, ranging from a minimum of 528 to a 
maximum of 6108. Interestingly, all regressions on the selected values yield higher R² values than the 
whole sample, except for the spoken cluster, which returns a lower R². With this exception, all other 
regressions show higher explanatory power while maintaining a relatively low standard error, with a 
maximum of 1.21%. 
 
The criteria pertaining to languages and religions were run on the total number of individuals meeting 
these criteria across all sub-sections without distinction. Subsequently, these criteria will be 
disaggregated to conduct regressions on their respective sub-criteria as specified in section 6.2.3. 
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Table 13 : Foreign Bias regression model results 

White-Arellano standard errors clustered by country are in brakets. 

 

Source : Stata based on our database 
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Table 14 : Foreign Bias – Official Language regression model results 

White-Arellano standard errors clustered by country are in brakets. 

 

Source : Stata based on our database 
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Table 15 : Foreign Bias – Spoken Language regression model results 

White-Arellano standard errors clustered by country are in brakets. 

 

Source : Stata based on our database 
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Table 16 : Foreign Bias – Religion regression model results 

White-Arellano standard errors clustered by country are in brakets. 

 

Source : Stata based on our database 
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7.2 Hypothesis verification – Home Bias 

F1 – TAX : Our initial hypothesis posits that nations burdened with high taxes, measured through a 
composite of dividend and capital gains taxes, prompt investors to seek more lucrative investment 
opportunities elsewhere. Conversely, tax havens are expected to attract capital inflows, encouraging 
domestic investors to retain their investments locally and limiting portfolio diversification. It is 
important to note that the variable for this hypothesis features only a single measurement, at best 
allowing for a linear regression measurement through OLS regression. As anticipated, the coefficient 
is negative, aligning with our predictions that high tax burdens deter investments, and the associated 
p-value underscores the significance of the relationship. Nevertheless, the relatively low R² value 
suggests that merely 2.1% of the variance in Home Bias can be attributed to the TAX hypothesis. 
 

F2 – FIN : The financial literacy of investors is anticipated to exert a direct influence on Home Bias, with 
higher levels of financial knowledge, such as the basic diversification principle of Markowitz, serving as 
a diversifier and thereby reducing this bias. It is expected that countries with lower levels of financial 
literacy will exhibit higher levels of bias. Despite financial literacy being a one-time measurement such 
as the TAX hypothesis, the linear regression (OLS) yields a significantly higher R² value, with literacy 
explaining nearly 19% of the observed bias. As anticipated, the coefficient is negative, signifying a 
reduction in bias with increasing literacy, and the relationship is statistically significant even if this 
model is not the best to account for individual-specific elements and do not present the best fit.  
 

F3 – TECH : The third variable is investing the impact of financial information asymmetry as impacting 
the bias. It posits that the higher the internet usage and mastery, which induce reduced asymmetry, 
the lower the bias. The fixed-effects regression analysis reveals a statistically highly significant negative 
association between internet usage and bias. Overall, the regression model accounts for approximately 
38.10% of the variability in bias. These findings underscore the substantial influence of internet usage 
on Home Bias reduction and emphasize its importance in shaping investment decisions across diverse 
geographical contexts. Enhancements in information technology play a pivotal role in mitigating 
information asymmetry, thereby contributing significantly to reducing bias. 
 

F4 – GDP : In this investigation, we assert that the economic growth of a country will serve as catalyst 
for investment flows. A citizen in those countries would thus see less interest in investing elsewhere. 
The findings reveal a statistically significant positive association between GDP and Home Bias even if 
the coefficient value is low. It allows us to validate the hypothesis stating that the economic growth 
encourage Home Bias even if it is on a very limited scope (R² = 4.6%).  
 

F5 – RTRN : This hypothesis parallels the theory of economic growth, positing that nations exhibiting 
recent or persistent higher stock market returns will attract greater capital inflows, thereby dissuading 
domestic investors from diversifying away from their home country, particularly when returns are 
elevated. Despite the R² metrics indicating mere explanatory power, the analysis reveals a positive 
coefficient and a statistically significant relationship when examined on an individual basis, thus 
validating our hypothesis. 
 

F6 – CAP : As anticipated in our initial expectations, the coefficient exhibits a positive sign, indicating a 
positive relationship between the size of the stock market and Home Bias. It is noteworthy that 
although the coefficient is positive, its magnitude is exceedingly small and approaches zero. Similarly, 
the R-squared value is also minimal, suggesting limited explanatory power of the model. However, 
despite these modest metrics, the relationship is deemed statistically significant, with a p-value inferior 
to the 5% significance threshold. While having mere explanatory power, the result allows to validate 
the hypothesis confirming a positive relation between market size and Home Bias. 
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F7 – COMP : The use of the number of listed companies per 1.000.000 inhabitants on each stock market 
serves as an alternative metric for market size and operates under the same rationale as market 
capitalization. The premise is that domestic investors, with a plethora of investment opportunities 
within their own country, are less inclined to seek investments elsewhere. This metric analysis also 
reveals a statistically significant relationship with a positive coefficient as anticipated. However, it is 
important to note that the overall R-squared remains very low, indicating minimal impact on Home 
Bias from this metric alone which is consistent with our findings regarding market size.  
 
F8 – AGE : Contrary to prior expectations, the age variable demonstrates a negative and statistically 
significant coefficient under both models, implying a negative association between investors' age and 
Home Bias. This outcome aligns with another notion that can be considered as intuitive which states 
that individuals tend to become more financially literate and rational as they age, leading to a 
reduction in bias. Additionally, the model exhibits a noteworthy R-squared value of 13%, indicating a 
significant explanatory power regarding Home Bias. These results underscore the importance of 
considering investors' age as a determinant in understanding and addressing biases in investment 
decision-making. While being the less studied explanation, results are quite outstanding proving a real 
link between the age of investors and the domestic bias.  
 
The eight regressions yielded diverse results but confirmed at least eight out of our nine stated 
hypotheses. However, due to the lack of statistical significance, the propensity to save variable was 
excluded, preventing us from drawing inferences or validating our hypothesis. In summary, four of the 
eight variables are inversely related to Home Bias, indicating a reduction in Home Bias with an increase 
in tax burden, financial literacy, technology mastery, and investor age. Conversely, economic growth, 
stock market returns, size, and investment opportunities act as boosters of the bias, hindering its 
further decline. An interesting point to highlight is that the three specific regressions with the highest 
explanatory power were all associated with factors targeting the reduction of Home Bias over time, 
which is consistent with the declining trend. These factors include addressing information asymmetry, 
enhancing financial literacy, and considering investor age. 

7.3 Linking factors verification – Foreign Bias 

L1 – DIST : Narrowing down our sample to 1103 individuals, following the first decile rule on the 
distance criteria, leads to a notable enhancement in the explanatory capacity of our regression model 
compared to the whole sample regression. Specifically, the R² increases from 8.56% to 11.75%. Though 
modest, it underscores the significance of our hypothesis, suggesting that physical proximity plays a 
role in incentivizing overweighting. The results are in accordance with what is found in the literature.  
 
L2 – CULT : After initially evaluating the last decile as a criterion to keep consistency with the DIST 
variable, I subsequently tested the last quartile and found that it resulted in a higher R², indicating 
greater explanatory power and improved model fit. Continuing to expand the sample size in order to 
identify the inflection point where the R² begins to decrease, my analysis revealed that utilizing the 
last quartile as the criterion provides the optimal outcome. This heightened R² serves further validating 
our hypothesis that greater cultural similarities contribute to deviations from optimal allocation. 
 
L3 – OFFL : When considering a combination of countries sharing a common language (Table 13), the 
results once again demonstrate an improvement in the R², increasing the explanatory power to 0.141. 
Notably, this regression comprises the lowest number of observations, with only 528 individuals 
included. This outcome reinforces our initial hypothesis that the shared language among countries 
introduces bias in investors’ behavior. 
 
An intriguing question arises: "Is the effect consistent across different languages?" Table 14 presents 
the results after segregating the official language into five categories: French, German, Hungarian, 
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Italian, and Swedish. The number of observations varies from 44 (representing two countries) to 264 
(representing four countries). The variability in explanatory power is substantial, with the French 
language, consisting of three countries, exhibiting the lowest R² of 0.1671, while the Hungarian 
language boasts a significantly higher R² of 0.7266, suggesting a strong correlation between Austria 
and Hungary. 
 
However, the absence of reported F-statistics and p-values hinders our ability to determine the overall 
statistical significance of these regressions. Consequently, we cannot ascertain the significance of the 
relationship between the independent variables and the dependent variable in these analyses. 
Furthermore, the frequent changes in coefficient signs across regressions make it challenging to 
determine the correct signs for the independent variables with certainty. These observations also 
apply to the sub-regressions for the variables "SPOL" and "REL". 
 
L4 – SPOL : While the regression analysis of the overall official language variable led to an increase in 
the R², the spoken language did not behave alike, experiencing a decrease to 7.59% from the whole 
sample R². At first glance, this discrepancy appears to hinder our ability to validate our hypothesis. 
However, the wide variability in spoken languages impedes us from drawing definitive conclusions. 
Therefore, it might be more informative to examine the results of sub-regressions focusing on seven 
specific languages: Danish, English, Finnish, German, Hungarian, Norwegian, and Swedish. 
 
Once again, the number of observations varies widely, ranging from 40 (representing two countries) 
for English to 1217 (representing eight countries) for German. The explanatory power of these seven 
regressions also varies significantly, ranging from 4.58% to 68%. Interestingly, Hungarian, this time, has 
the lowest R², suggesting that while Austria and Hungary may exhibit a propensity to invest 
disproportionately in each other, the inclusion of Romania and the Slovak Republic in the mix indicates 
that speaking Hungarian alone is not sufficient to provoke allocation overweighting. 
 
Conversely, English, Danish, and Norwegian suggest the higher correlations between the countries 
within their respective compositions. Another noteworthy observation concerns the German 
language. Thanks to a sufficient number of observations for the regression to yield an F-statistic and 
p-value, it confirms that the relationship between German-speaking countries is statistically significant, 
with an R² of 15.68%. It thus certifies us that sharing a language such as German makes overweighting 
in those sharing-language countries possible and definitively validate our initial hypothesis. 
 
L5 – REL : While examining the impact of sharing a dominant religion does not significantly enhance 
the explanatory power at the aggregate level (considering all religions indiscriminately), a closer 
investigation through sub-regressions reveals more nuanced findings. 
 
Sharing Christianity as a dominant religion does not contribute to increased explanatory power 
compared to the regression conducted on the entire sample. Despite Christianity being the most 
prevalent religion in our dataset, with thirteen out of the twenty-three countries adhering to it, the 
regression yields an identical R² of 0.0856. This suggests that factors such as the wide dispersion of 
countries within this sub-criteria or variations in religiosity levels within the dominant religion may 
account for this lack of association. 
 
Conversely, Protestantism and Orthodoxy exhibit higher R² values of 0.1543 and 0.4093, respectively. 
These findings lend support to the hypothesis that religion may indeed influence the deviation from 
the CAPM rule in investment allocation. Although the statistical significance of Orthodoxy cannot be 
conclusively established, Protestantism is confirmed with a p-value below the 5% threshold, indicating 
its potential impact. This underscores the importance of considering specific religious denominations 
in understanding investment behavior and allocation decisions. 
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7.4 Principal component analysis 

Entire sample analysis 

In our PCA, we focus only on the principal components that present an eigenvalue superior to 1 
according to Kaiser criteria. In our case, four of them present a superior eigenvalue as evidenced in 
table 17. Combined together, those components explain 79% of the total inertia (inertia is the right 
term to describe variance in a PCA). The second criteria to be met is the Coude criteria :  it means that 
on the figure 27 we need to consider only component before the eigenvalues form an “elbow” on the 
scree plot. The change in slope observed on the scree plot is commonly referred to as the "elbow 
point." This is the point where the plot starts to flatten out after a steep decline, indicating a 
diminishing return in explaining variance with each additional component. This allows us to validate 
our first assumption that we need to focus on the first four principal components.  
 
Table 17 : Entire sample’s principal component analysis  

The analysis was conducted with all independent variables for the 23 countries on 22 years.  

 
Source : Stata based on our database 

The first principal component is mostly positively influenced by market size measured as the market 
capitalization, tax burden, internet usage and literacy level. This means that these variables account 
for a larger portion of the variability observed in the eight-dimensional scatter plot compared to the 
remaining variables. As we move along the axis of principal components, these specific variables 
contribute more significantly to the overall inertia observed in the dataset, capturing essential aspects 
of the data's structure.  
 
Analyzing the distribution of data points across different geographical regions on a score plot (figure 
30) sheds further light on the relationships between variables. Notably, northern countries align closely 
with the aforementioned influential variables, albeit with some exceptions such as Latvia and Estonia, 
which exhibit behaviors more akin to eastern countries. Despite this deviation, we maintain 
consistency in categorization as dictated by the United Nations while acknowledging these outliers. 
Western countries exhibit similar trends, although with lesser intensity, and show potential for 
leveraging factors like age and market capitalization.  
 
In contrast, southern countries lack distinct patterns while Eastern countries, conversely, demonstrate 
a divergence from the influential variables driving the first component, suggesting unique economic 



 

59 

dynamics and a negative contribution. Additionally, a plausible positive correlation with economic 
growth emerges, aligning positively with the second component. Eastern countries tend to exhibit 
faster growth rate compared to other regions. Economic development measured notably by market 
size, technology mastery and higher financial literacy serves as a significant factor in the bias reduction. 
The more advanced the economy, the less biased the country tends to be in a general case (e.g., 
France). 
 
Inside the second component, economic growth, financial literacy, stock market return and the 
number of listed companies have a positive and heavy weight while investor age exert a negative 
influence. It accounts for nearly 21% of the inertia. Northern countries once again are positively related 
to those while on the contrary southern countries are negatively influenced by the age variable.  
 
Further decomposition of components reveals additional insights, with the third component positively 
influenced by investor age and stock market return, while the fourth component shows negative 
associations with internet usage and positive correlations with the tax burden. Together these 
component account for 30% of the total inertia.  
 
In summary, our PCA analysis confirms the importance of literacy and technology mastery, signs of 
economic development, in addressing information asymmetry, providing valuable insights into the 
factors shaping investment behaviors across different regions. 
 
Geographical decomposition  

To deepen our understanding, we partitioned our dataset into four distinct geographical regions to 
examine any disparities or consistencies across them. Figures 33 to 48 display the outcomes of these 
analyses. We utilized consistent criteria, retaining only components with eigenvalues exceeding 1 and 
scrutinizing the scree plot for alterations in slopes. The number of components ranged from three to 
four, while the percentage of explained variance ranged from 77% to 90%, contingent upon the region. 
 
In the Northern region, the contribution plot closely resembled that of the entire sample. The primary 
component was again positively influenced by literacy, tax, internet usage, and market size. 
Examination of the second component revealed significant weights on two variables, albeit in opposing 
directions: the number of listed companies positively influenced the component, while age had a 
negative impact. The emergence of GDP and market return in the third component brings attention 
back to these variables, which were previously overlooked but were found to have a positive 
contribution to Home Bias in our regression analyses. Removing Estonia and Latvia, which exhibited 
behaviors akin to Eastern countries, revealed a distinct group aligning precisely with the four crucial 
elements of the first component. Additionally, Iceland appeared as the most out of line, notably 
influenced by its number of listed companies per million inhabitants. This allows us to further validate 
our hypothesis regarding the importance of financial literacy, information asymmetry, tax burden and 
market size in shaping the bias at least for northern countries.  
 
Western Europe's analysis was underpinned by four components, accounting for 27%, 24%, 19%, and 
12% of the total inertia, respectively. The score plot demonstrated interesting shape, each country 
forming a horizontal line. This pattern suggests that the differences in those countries only stem from 
the influence of the number of listed companies, which have positive influence on the second 
component while tax have contrarian influence. This is exemplified by Switzerland and France, 
respectively representing these opposing trends. 
 
In Southern countries, the analysis explained 90% of the inertia across four components. However, the 
score plot, depicting four countries, failed to reveal distinct patterns for individual countries or the 
region as a whole, rendering conclusions elusive for this particular region.  Italy stands out as the sole 
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country demonstrating a tangible positive correlation with the first principal component, driven 
primarily by its aging population, as evidenced by the significant weight of the age variable in this 
component. This further support our novel hypothesis suggesting negative correlation between 
investor age and Home Bias. Indeed, Italy shows the oldest population of the dataset and a shrinking 
bias measure. In contrast, Spain contributes positively to the second principal component, while 
Portugal is negatively impacted due to its lower internet usage and aging population. 
 
The analysis of Eastern countries revealed a distinct pattern on the biplot, characterized by a vertical 
line. This suggests a uniform influence of the second component across these countries. Specifically, 
market return and GDP displayed opposing directions to age and internet usage, indicating established 
negative relationships with Home Bias compared to the first two variables. 
 
Furthermore, the other variables influenced by the first component highlight differences between 
countries. Notably, Poland stands out from the rest due to its significantly larger market size. As the 
sole representative of a positive influence of the first component, Poland's profile validates the 
hypothesis that a higher market size hinders domestic investors from investing elsewhere for this 
particular region.   
 
Table 18 : Principal component analysis by geographical zone 

The analyses are conducted for the period 2001-2022. The northern countries comprise Denmark, 
Estonia, Finland, Iceland, Latvia, Norway, Sweden and United Kingdom. The western countries are 
composed of Austria, Belgium, France, Germany, The Netherlands and Switzerland. The south of 
Europe is represented by Greece, Italy, Portugal and Spain while the eastern countries comprise 
Czechia, Hungary, Poland, Romania and Slovak Republic.  

 

Source : Stata based on our database 

Economic level and terminal Home Bias value decomposition 

The level of economic development, while influential, is difficult to analyze in our context due to the 
high diversity of developed countries in our sample and the lack of precise development level 
measurement. However, it offers insights into the behavior of developing nations which present more 
unified findings. These countries exhibit patterns resembling those of eastern countries, indicative of 
their regional affiliations. Moreover, the first component in developing countries accounts nearly for 
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half of the variance. Very high loadings are put on tax and literacy oppositely which differentiate Poland 
from Hungary. This once again validate our hypothesis regarding these factors but this time for 
developing countries. The one time measurement character of those two variables induce the linear 
shape while influential variables in the second component such as age and internet level make 
observations vary as they both grew through the period analyzed. Though studying the economic 
development was a good idea, lack of refinement prevent us from drawing real conclusion.  
 
Moreover, examining the terminal Home Bias level provides more valuable insights, with highly biased 
countries displaying characteristics reminiscent of a blend of eastern and southern countries. This 
suggests that nations with elevated Home Bias tend to be located in those regions and to exhibit lower 
literacy levels and technological advancement, validating our hypotheses regarding the significance of 
literacy and technology in mitigating bias. Poland once again serves as a validation point for our 
hypothesis regarding the negative impact of literacy on bias. Conversely, Greece emerges as an outlier, 
displaying patterns contrary to major assumptions. 
 
When examining countries that successfully reduced their bias, one key variable stand out as positively 
correlated with both first two principal components: financial literacy. Importantly, it exhibits a 
negative relationship with Home Bias, further confirming the validity of our hypothesis. Countries 
leaning towards this upper end of bias reduction include Norway, Finland, the UK, and the Netherlands. 
 
Table 19 : Principal component analysis by economic development  

The analyses are conducted on a period spanning from 2001 to 2022. Developed countries are 
composed of Austria, Belgium, Czechia, Denmark, Estonia, Finland, France, Germany, Greece, Iceland, 
Italy, The Netherlands, Norway, Portugal, Slovak Republic, Spain, Sweden, Switzerland and the United 
Kingdom while the developing countries represent Hungary, Poland and Romania 

 

Source : Stata based on our database 

 
Table 20 : Principal component analysis by terminal level of 2022 Home Bias 

The analyses are conducted on a period spanning from 2001 to 2022. Highly biased countries represent 
Greece, Poland and Romania. Moderately biased countries are composed of Czechia, Denmark, France, 
Hungary, Iceland, Portugal, Spain, Sweden and Switzerland. Lowly biased countries comprise Austria, 
Belgium, Estonia, Finland, Germany, Italy, Latvia, The Netherlands, Norway, Slovak Republic and the 
United Kingdom.  
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Source : Stata based on our database 

7.5 Results conclusion 

In this concluding segment, we can positively summarize the results for both Home Bias and Foreign 
Bias. 
 
For Home Bias, the statistical significance of our tested hypotheses enabled us to validate seven out of 
eight (F1 to F7) through panel regression analysis. Although the hypothesis regarding investor age (F8) 
was initially stated on a contrarian sign impeding us to confirm our hypothesis, further reflection make 
complete sense on the sign direction. The propensity to save as a factor influencing domestic bias was 
not tested in our analysis due to its lack of statistical significance. To ascertain its relevance, further 
investigation into past literature discussing this factor is necessary.  
 
Notably, four of the eight tested variables demonstrated an inverse relationship with Home Bias, 
indicating a reduction in bias with an increase in tax burden, financial literacy, technology mastery 
(lower information asymmetry), and investor age. Conversely, economic growth, stock market returns, 
market size, and investment opportunities acted as enhancers of domestic bias, impeding its decline. 
Interestingly enough, the regressions with the highest explanatory power targeted factors aimed at 
reducing Home Bias over time, such as addressing information asymmetry, enhancing financial literacy, 
and considering investor age. This helps partially explaining the declining observed trend. 
 
Linear relationships analysis revealed and confirmed significant linear decreasing relations for investor 
age, information asymmetry, and propensity to save (contrarian to what was hypothesized), while 
economic growth exhibited a strong positive correlation with Home Bias. 
 
PCA provided further insights into the fixed effects regression, enhancing our understanding of the 
underlying dynamics. The analysis reveals distinct patterns across geographical regions regarding 
factors influencing investment bias. Northern countries align closely with variables such as literacy, 
tax, internet usage, and market size, validating their importance in the bias and our hypothesis. 
Western countries exhibit similar trends, with differences primarily stemming from the influence of 
the number of listed companies confirming its powerful character. Southern countries lack clear 
patterns, while Eastern countries demonstrate a divergence from influential variables, suggesting 
unique economic dynamics. Notably, Poland's large market size validates the hypothesis that it hinders 
domestic investors from investing elsewhere which had little explanatory power in our regression. The 
lack of refinement in measuring the state of economic development limits our ability to draw 
conclusive findings regarding the distinction between developed and developing countries. Highly 
biased countries exhibit characteristics resembling a blend of Eastern and Southern countries, 
indicating lower literacy levels and technological advancement. Overall, the analysis underscores the 
significance of financial literacy and technology mastery in mitigating investment bias across different 
regions. These factors, which are measures of economic development, represent major points of 
divergence between countries. 
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The results for Foreign Bias are somewhat more varied, yet overall satisfactory. In our sample of 23 
countries implying 506 countries’ relations, the initial assessment revealed a relatively favorable 
scenario, with only one-fifth of investments showing a bias. While this proportion is lower than 
anticipated based on observations of Home Bias deviation, it still represents a noteworthy deviation. 
Moreover, the examination of five linking factors as explanatory variables yielded positive outcomes. 
All five factors contributed to enhancing the explanatory power of their respective regressions, thus 
validating their influence on Foreign Bias. 
 
Analyses across various criteria related to geographical, cultural, linguistic, and religious factors 
provided valuable insights into the complexities shaping investment behavior and allocation decisions, 
leading to overweight in countries perceived as "closer" either physically or psychologically. Narrowing 
down the sample based on distance and cultural similarity yielded significant enhancements in 
explanatory power, confirming hypotheses regarding the influence of physical proximity and cultural 
affinity on investment biases. Similarly, exploring shared language and dominant religion shed light on 
how linguistic and religious factors contribute to deviations from optimal allocation. 
 
Considering countries with a common language led to an improvement in explanatory power, 
reinforcing the hypothesis that shared language introduces bias in investor behavior. Yet, variations 
across different languages necessitate further investigation. Sub-regressions focusing on specific 
languages revealed varied results, with some languages exhibiting much stronger correlations in 
investment behavior than others. 
 
Regarding religion, while sharing a dominant religion did not significantly enhance explanatory power 
at the aggregate level, nuanced findings emerged in sub-regressions. Protestantism and Orthodoxy 
exhibited higher explanatory power, suggesting that specific religious denominations may influence 
investment allocation decisions. 
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Conclusion 

Home and Foreign Biases are pervasive phenomena with complex underlying mechanisms. Despite 
extensive literature and research by eminent scholars, a comprehensive understanding of these biases 
remains elusive. While recent decades have brought significant advancements in our knowledge, gaps 
persist in our understanding. My investigation into this subject suggests that behavioral finance has 
had a profound impact, deepening our understanding of these biases. However, behavioral finance is 
inherently linked to human nature, which evolves continuously, presenting challenges in fully 
encapsulating human behavior within a structured framework. 
 
In our research on Home Bias, we corroborated the findings of numerous previous studies: investors 
exhibit a pronounced bias, disproportionately favoring investments in their home country. Among the 
twenty-three countries examined, all persistently demonstrated a bias towards their domestic market, 
with the notable exception of the Netherlands over the last five years. The extent of this bias varies 
significantly across the countries studied, and in order to explain it, we combined previously tested 
and novel hypotheses to account for this phenomenon over time. Our regression analysis 
predominantly utilized empirical factors such as tax burden, economic growth, stock market returns, 
information asymmetry, and market size, alongside behavioral factors including financial literacy and 
investor age. The results revealed significant explanatory power for financial literacy, information 
asymmetry, and investor age, all of them having a negative relation with the domestic bias. This 
perfectly aligns with the trend observed in both this thesis and previous research, indicating that this 
bias is decreasing over time. However, economic growth emerged as a major impediment to reducing 
Home Bias in our analysis, whereas other factors did not show significant influence, thus hampering 
our ability to draw conclusive findings on their impact over time. PCA analysis revealed that economic 
development, notably measured by financial literacy and technology mastery, could serves as a nice 
refinement but we lack conclusive evidence in this thesis. It also revealed that market size plays a role 
in those less economically advanced countries. It further confirmed some of our hypotheses and 
highlighted differences in behavior across geographical regions. 
 
Subsequently, we examined the Foreign Bias, a closely related concept to Home Bias, focusing on 
explaining where the rest of investments goes when excluding the home country. Surprisingly enough, 
only one fifth of the investments analyzed show a positive deviation from an optimal allocation point 
of view. This is notably due to the presence of Home Bias, which takes a significant part of the 
investment portfolio and the restricting nature of our sample. While employing similar independent 
variables as for Home Bias to examine those deviations, our analysis placed greater emphasis on 
behavioral characteristics such as distance, culture, language, and religion. The results are promising, 
indicating that each linking factor has a notable impact on enhancing the explanatory power of our 
variables on Foreign Bias deviation. The variability inherent in human behavior, coupled with its 
complex nature, poses challenges to achieving categorical certainty in our findings. Nevertheless, 
empirical evidence suggests that certain proximities, whether physical or psychological, exhibit a 
propensity to influence investment decisions, thereby inducing deviations. While the impact of factors 
such as language, religion, culture, or geographical proximity may not be universal, empirical 
observations indicate that positive deviations frequently manifest in the presence of these 
interconnecting elements. Further research in the field is needed to obtain a more comprehensive 
understanding of these findings. 
 
Our research contributes new insights to existing literature, particularly in highlighting the significance 
of investor age in explaining Home Bias. Our database facilitated precise analysis, allowing for the 
identification of specific sub-groups within Foreign Bias. Moving forward, there is scope to enhance 
the methods of analyzing explanatory factors of Foreign Bias, with qualitative analyses potentially 
offering deeper insights into investors' psychological reasoning. Furthermore, efforts in the domain of 
behavioral finance could yield valuable insights into both Home and Foreign Bias, with opportunities 
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for expanding research to less studied regions or conducting global worldwide spectrum analyses if 
data availability permits. Further research into states of level of economic development could be 
fascinating in order to deepen our findings. 
 
In conclusion, the study of Home Bias illuminates the intricate interplay between human psychology, 
socio-cultural factors, and investment behavior. As our research corroborates, investors often exhibit 
a propensity to favor their domestic market and some other markets, albeit with varying degrees of 
bias across different contexts. While not devoid of complexities, this bias underscores the enduring 
influence of familiarity and proximity in investment decision-making processes. 
 
As Nobel laureate Daniel Kahneman famously remarked, "The illusion that we understand the past 
fosters overconfidence in our ability to predict the future." In the realm of Home Bias, this quote 
resonates profoundly, reminding us of the limitations inherent in our understanding of human 
behavior and the complexities of financial markets. 
 
Moving forward, our findings underscore the importance of continued research into the underlying 
mechanisms driving Home Bias and its implications for portfolio diversification and global market 
integration. By deepening our understanding of these dynamics, we can strive towards more informed 
investment strategies and foster greater international cooperation in the realm of finance. 
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Appendices – Figures 

Figure 1 : Domestic allocation and overweight : the case of Australia, Canada, USA and UK 

 

 

Source : Vanguard based on IMF data 

Figure 2 : Overweigh of domestic equity in 2022 : the case of Canada, U.S., Australia, Japan, U.K. and 
Eurozone 

 

Source : Vanguard based on IMF data (2022) 
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Figure 3 : Scheme of most significant Home Bias research over time 

 

Source : Connected Paper 

 
 
Figure 4 :  Countries’ weight in world index 

 

Source : As of 31 July 2022, based on the Morningstar Global Market Index 
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Figure 5 : Tax Burden by country 

 

Source : own construction based on Tax Foundation Europe data 

 
Figure 6 : Home Bias in Northern Europe between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 
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Figure 7 : Home Bias in Western Europe between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 

 
Figure 8 : Home Bias in Southern Europe between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 
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Figure 9 : Home Bias in Eastern Europe between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 

 
Figure 10 : Home Bias mean by geographical zone between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 
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Figure 11 : Home Bias in Developed Europe between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 

Figure 12 : Home Bias in Developing Europe between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 
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Figure 13 : Home Bias mean by economic development between 2001 and 2022 

 

Source : Own calculation, IMF, World Bank, Refinitiv 

 

Figure 14 : High terminal level of Home Bias countries between 2001 and 2022 (bias over 75% in 2022) 

 

Source : Own calculation, IMF, World Bank, Refinitiv 
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Figure 15 : Medium terminal level of Home Bias countries between 2001 and 2022 (bias between 35%-
75% in 2022) 

 

Source : Own calculation, IMF, World Bank, Refinitiv 

Figure 16 : Low terminal level of Home Bias countries between 2001 and 2022 (bias under 35% in 2022) 

 

Source : Own calculation, IMF, World Bank, Refinitiv 
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Figure 17 : Home Bias mean between 2001 and 2022 by terminal level of home bias in 2022  

 

Source : Own calculation, IMF, World Bank, Refinitiv 

 

Figure 18 : Scatter plot – Relation between variables HB and TAX 

This graph is not very representative because the variable TAX is a one time measurement thus varying 
only with individuals but not through time. This results in a “Bar” chart.  

 

Source : Own construction with our database 
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Figure 19 : Scatter plot – Relation between variables HB and FIN 

This graph is not very representative because the variable FIN is a one time measurement thus varying 
only with individuals but not through time. This results in a “Bar” chart. 

 

Source : Own construction with our database 

Figure 20 : Scatter plot – Relation between variables HB and TECH 

 

Source : Own construction with our database 
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Figure 21 : Scatter plot – Relation between variables HB and GDP 

 

Source : Own construction with our database 

Figure 22 : Scatter plot – Relation between variables HB and RTRN 

 

Source : Own construction with our database 
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Figure 23 : Scatter plot – Relation between variables HB and CAP 

 

Source : Own construction with our database 

Figure 24 : Scatter plot – Relation between variables HB and COMP 

 

Source : Own construction with our database 
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Figure 25 : Scatter plot – Relation between variables HB and AGE 

 

Source : Own construction with our database 

Figure 26 : Scatter plot – Relation between variables HB and SAVE 

 

Source : Own construction with our database 
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Figure 27 : Principal Component Analysis scree plot for the entire sample 

 

Source : Stata with our database 

Figure 28 : Principal Component Analysis contribution plot for the entire sample 

 

Source : Stata with our database 
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Figure 29 : Principal Component Analysis biplot for the entire sample 

 

Source : Stata with our database 

Figure 30 : Principal Component Analysis score plot for the entire sample by geographical region 

 
 

Source : Stata with our database 
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Figure 31 : Principal Component Analysis scree plot for the entire sample by economic development 
level 

 

Source : Stata with our database 

Figure 32 : Principal Component Analysis scree plot for the entire sample by terminal Home Bias level 

 

Source : Stata with our database 
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Figure 33 : Principal Component Analysis scree plot for northern countries 

 

Source : Stata with our database 

Figure 34 : Principal Component Analysis contribution plot for northern countries 

 

Source : Stata with our database 
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Figure 35 : Principal Component Analysis biplot for northern countries 

 

Source : Stata with our database 

Figure 36 : Principal Component Analysis score plot for northern countries 

 

Source : Stata with our database 

 

 

 

 

Countries 
The United Kingdom 
Sweden 

Norway 
Latvia 

Iceland 
Finland 

Estonia 
Denmark 
 



 

91 

Figure 37 : Principal Component Analysis scree plot for western countries 

 

Source : Stata with our database 

Figure 38 : Principal Component Analysis contribution plot for western countries 

 

Source : Stata with our database 
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Figure 39 : Principal Component Analysis biplot for western countries 

 

Source : Stata with our database 

Figure 40 : Principal Component Analysis score plot for western countries 

 

Source : Stata with our database 
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Figure 41 : Principal Component Analysis scree plot for southern countries 

 

Source : Stata with our database 

Figure 42 : Principal Component Analysis contribution plot for southern countries 

TAX dropped due to zero variance 

 

Source : Stata with our database 
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Figure 43 : Principal Component Analysis biplot for southern countries 

TAX dropped due to zero variance 

 

Source : Stata with our database 

Figure 44 : Principal Component Analysis score plot for southern countries 

 

Source : Stata with our database 
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Figure 45 : Principal Component Analysis scree plot for eastern countries 

 

Source : Stata with our database 

Figure 46 : Principal Component Analysis contribution plot for eastern countries 

 

Source : Stata with our database 
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Figure 47 : Principal Component Analysis biplot for eastern countries 

 

Source : Stata with our database 

Figure 48 : Principal Component Analysis score plot for eastern countries 

Romania is missing from the plot as it exhibits some missing values 

 

Source : Stata with our database 

 

 

 

 

Countries 
Slovak Republic 
Romania 

Poland 
Hungary 

Czech Republic 
 



 

97 

Figure 49 : Principal Component Analysis scree plot for developed countries 

 

Source : Stata with our database 

Figure 50 : Principal Component Analysis contribution plot for developed countries 

 

Source : Stata with our database 
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Figure 51 : Principal Component Analysis biplot for developed countries 

 

Source : Stata with our database 

Figure 52 : Principal Component Analysis score plot for developed countries 

 

Source : Stata with our database 
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Figure 53 : Principal Component Analysis scree plot for developing countries 

 

Source : Stata with our database 

Figure 54 : Principal Component Analysis contribution plot for developing countries 

 

Source : Stata with our database 
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Figure 55 : Principal Component Analysis biplot for developing countries 

 

Source : Stata with our database 

Figure 56 : Principal Component Analysis score plot for developing countries 

Romania is missing from the plot as it exhibits some missing values 

 

Source : Stata with our database 
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Figure 57 : Principal Component Analysis scree plot for high terminal Home Bias level countries 

 

Source : Stata with our database 

Figure 58 : Principal Component Analysis contribution plot for high terminal Home Bias level countries 

 

Source : Stata with our database 

 

 

 

 



 

102 

Figure 59 : Principal Component Analysis biplot for high terminal Home Bias level countries 

 

Source : Stata with our database 

Figure 60 : Principal Component Analysis score plot for high terminal Home Bias level countries 

Romania is missing from the plot as it exhibits some missing values 

 

Source : Stata with our database 
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Figure 61 : Principal Component Analysis scree plot for medium terminal Home Bias level countries 

 

Source : Stata with our database 

Figure 62 : Principal Component Analysis contribution plot for medium terminal Home Bias level 
countries 

 

Source : Stata with our database 
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Figure 63 : Principal Component Analysis biplot for medium terminal Home Bias level countries 

 

Source : Stata with our database 

Figure 64 : Principal Component Analysis score plot for medium terminal Home Bias level countries 

 

Source : Stata with our database 
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Figure 65 : Principal Component Analysis scree plot for low terminal Home Bias level countries 

 

Source : Stata with our database 

Figure 66 : Principal Component Analysis contribution plot for low terminal Home Bias level countries 

 

Source : Stata with our database 
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Figure 67 : Principal Component Analysis biplot for low terminal Home Bias level countries 

 

Source : Stata with our database 

Figure 68 : Principal Component Analysis score plot for low terminal Home Bias level countries 

 

Source : Stata with our database 
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Appendices – Tables 

Table 1 : Hypothesis summary and their analysis type 

Name Explicative Factors 
Intuitive relationship 

with the Home Bias 
Analyze type 

F1 Tax regime Negative 
Linear regression 

PCA 

F2 
The financial 

knowledge of citizens 
Negative 

Linear regression 

PCA 

F3 
Technological 

influence and mastery 
Negative 

Panel regression 

PCA 

F4 
Economic growth – 

GDP 
Positive 

Panel regression 

PCA 

F5 
Stock market return of 

countries 
Positive 

Panel regression 

PCA 

F6 Market capitalization Positive 
Panel regression 

PCA 

F7 
Number of listed 

companies 
Positive 

Panel regression 

PCA 

F8 Age of investors Positive 
Panel regression 

PCA 

F9 Propensity to save Positive 
Panel regression 

PCA 

“PCA” means “Principal component analysis”  

Source : our construction 
Table 2 :  Linking factor for Foreign Bias 

Name Potential clusters links Criteria 

L1 Cultural similarities 4th quartile of the cultural similarity score  

L2 Physical distance 1st decile of the distance between countries 

L3+L4 
Official languages and 

spoken languages 
 Countries sharing a language (official or spoken)  

L5  Religion Countries having the same dominant religion 

Source : our construction 
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Table 3 : Independent variables : Sources, construction and limitations 

Name 
Explicative 

Factors 

Intuitive 
relationship 

with the 
Home Bias 

Approximation 
– Independent 

variables 
Source 

 
Name 

F1 Tax regime Negative 
Own 

construction 
 Tax foundation - 
Europe 

Tax 

F2 
The financial 
knowledge of 
citizens 

Negative 
Financial 

literacy score 
 European Union 
Dataset 

Literacy 

F3 
Technological 
influence and 
mastery 

Negative 
Internet usage 

rate 
 ITU Datahub Internet 

F4 
Economic 
growth  

Positive GDP growth 
 World Bank (The 
global economy) 

GDP 

F5 
Stock market 
return of 
countries 

Positive Stock return The World Bank Return 

F6 
Market 
capitalization 

Positive 
Country 

capitalization 
The World Bank + 
Refinitiv 

Cap 

F7 
Listed 
companies 

Positive 

Number of 
listed 

companies by 
inhabitants 

The World Bank 
Listed 

companies 

F8 
Age of 
investors 

Positive 
Mean age of 
inhabitants 

Eurostat Age 

F9 
Propensity to 
save 

Positive  
Savings as a % 

of GDP 
The World Bank Savings 

Source : our construction 

Table 4 : Linking factors for Foreign Bias : Source, construction and limitations 

Name 
Potential 

clusters links 

Intuitive 

relation with 

the deviation 

Source Abbreviation 

L1 
Cultural 

similarities 
Positive 

 Index on Cultural Similarity (European 

social survey)  
CULT 

L2 
Physical 

distance 
Positive 

 Kristian Skrede Gleditsch (Regius 

professor – University of Essex)  
DIST 
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L3+L4 

Official 

languages 

and spoken 

languages 

Positive  Database of One World Nations Online 

OFFL 

(official 

languages) 

SPOL 

(Spoken 

languages) 

L5 Religion Positive Eurobarometer REL 

 

Source : our construction 

Table 5 : Descriptive statistics 

Sample’s characteristics composed of 23 European countries from 2001 to 2022.  

 

Source : Stata based on our database 

Table 6 : Correlation Matrix (Pearson) with the Home Bias variable 

 

Source : Stata based on our database 
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Table 7 : Correlation Matrix (Pearson) without the Home Bias variable 

 

Source : Stata based on our database 

Table 8 : Stationarity test : Levin-Lin-Chu test for Home Bias 

H0: Panels contain unit roots  <>  Ha: Panels are stationary 

 

Source : Stata based on our database 

 
Table 9 : Variance inflation factor 

 

Source : Stata based on our database 
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Table 10 : Hypothesis verification for the OLS model 

 

Source : Stata based on our database 

Table 11 : Hausman test for the Home Bias 

 

Source : State based on our database 
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Table 12 : Home Bias panel regression model results 

 

Source : Stata based on our database 
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Table 13 : Foreign Bias regression model results 

White-Arellano standard errors clustered by country are in parentheses. 

 

Source : Stata based on our database 
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Table 14 : Foreign Bias – Official Language regression model results 

White-Arellano standard errors clustered by country are in parentheses. 

 

Source : Stata based on our database 
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Table 15 : Foreign Bias – Spoken Language regression model results 

White-Arellano standard errors clustered by country are in parentheses. 

 

Source : Stata based on our database 
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Table 16 : Foreign Bias – Religion regression model results 

White-Arellano standard errors clustered by country are in parentheses. 

 

Source : Stata based on our database 
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Table 17 : Entire sample’s principal component analysis  

The analysis was conducted with all independent variables for the 23 countries on 22 years.  

 

Source : Stata based on our database 

 

Table 18 : Principal component analysis by geographical zone 

The analyses are conducted for the period 2001-2022. The northern countries comprise Denmark, 
Estonia, Finland, Iceland, Latvia, Norway, Sweden and United Kingdom. The western countries are 
composed of Austria, Belgium, France, Germany, The Netherlands and Switzerland. The south of 
Europe is represented by Greece, Italy, Portugal and Spain while the eastern countries comprise 
Czechia, Hungary, Poland, Romania and Slovak Republic.  

 

Source : Stata based on our database 
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Table 19 : Principal component analysis by economic development  

The analyses are conducted on a period spanning from 2001 to 2022. Developed countries are 
composed of Austria, Belgium, Czechia, Denmark, Estonia, Finland, France, Germany, Greece, Iceland, 
Italy, The Netherlands, Norway, Portugal, Slovak Republic, Spain, Sweden, Switzerland and the United 
Kingdom while the developing countries represent Hungary, Poland and Romania 

 

Source : Stata based on our database 

 

Table 20 : Principal component analysis by terminal level of 2022 Home Bias 

The analyses are conducted on a period spanning from 2001 to 2022. Highly biased countries represent 
Greece, Poland and Romania. Moderately biased countries are composed of Czechia, Denmark, France, 
Hungary, Iceland, Portugal, Spain, Sweden and Switzerland. Lowly biased countries comprise Austria, 
Belgium, Estonia, Finland, Germany, Italy, Latvia, The Netherlands, Norway, Slovak Republic and the 
United Kingdom.  

 

Source : Stata based on our database 
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Executive Summary 

 
The Home Bias Puzzle, as it is often called, has intrigued researchers for decades, prompting a quest 
for explanations. In this thesis, we investigate the preference for domestic stocks and other deviations 
from the optimal allocation among European investors between 2001 and 2022. Utilizing several 
regression analyses and principal component analyses, we examine the relevance of literature-based 
justifications for these biases over time. Our findings demonstrate that financial literacy, tax burden, 
investor age, information asymmetry, economic growth, recent stock market returns, and market size 
are consistent explanations for Home Bias across the studied period. We also explore how changes in 
these factors over time have contributed to the observed variations in Home Bias among different 
countries. Furthermore, we delve into the factors contributing to disproportionate investment in 
Foreign Bias. Our research confirms that distance, culture, shared languages, and religion serve as key 
proximity measures—both physical and psychological—that influence investment behavior. This thesis 
not only corroborates existing theories but also introduces new insights into the dynamic interplay of 
factors shaping investment preferences. By identifying and validating these determinants, we 
contribute to a deeper understanding of the persistent nature of Home and Foreign Bias in investment 
decisions. 
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