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Abstract 

This paper examines and evaluates the performance of an ESG factor constructed using publicly 

available data of stocks on the Copenhagen Nasdaq OMX in the period 2010-2020. 

Firstly, An ESG score is constructed as the sum of a firm’s environmental, social, and governance score. 

The environmental score is calculated as the negated normalised value of a firm’s total scope 1, 2, and 

3 greenhouse gas emissions with data originating from the CDP. The social score is calculated as the 

sum of a firm’s normalised productivity and staff compensation with data retrieved from Compustat. 

The governance score is calculated as the negated sum of a firm’s operating accruals, investing accruals, 

and working capital accruals normalised using total assets with data retrieved from Compustat. Using 

the ESG score, all firms are ranked 0-10. Ten is given to the firms with the highest ESG and 0 is given 

to the worst ESG performing firms. The firms are then divided into quintiles so that the ESG factor can 

be calculated as the best minus worst ESG quintile. The results show that the ESG factor has a superior 

excess annual return and lower annual total risk compared to all other quintiles. The ESG factor 

portfolio also has the lowest value-at-risk and highest Sharpe ratio. 

Using the value-weighted ESG factor portfolio in combination with five different asset pricing models 

to explain the cross-section of returns of all stocks on the Copenhagen Nasdaq OMX yields an ESG 

factor that is never significant. The alpha is always significantly different from 0. The ESG factor is 

never significant, and there is, therefore, no evidence that an ESG factor is currently priced into listed 

firms on the Copenhagen Nasdaq OMX. 

Next five different asset pricing models are used to explain the returns of both the equal-weighted and 

value-weighted ESG factor portfolio. It is concluded that the constructed social factor drives the returns 

of the constructed ESG factor. The environmental and governance factors do not contain significant 

excess returns and, therefore, do not seem to add much to the excess return of the ESG. Furthermore, 

the significance of the returns of both the constructed ESG factor and the MSCI ESG factor can be 

decreased by controlling for momentum. The loss of significance when controlling for momentum 

indicates that the returns of ESG factors can, at least in part, be explained by momentum. 

Finally, various risk measures of the firms on the Copenhagen Nasdaq OMX is predicted using the E, 

S, and G as key explanatory variables while also accounting for firm characteristics and quality profile. 

The findings show that the risk of firms can be predicted using, mainly, the social score of a firm, but 

also the governance score provides explanatory power. The social score significantly predicts a negative 

effect on the total risk and stock-specific risk. The governance score significantly predicts a positive 

effect on the total risk. The environmental score significantly predicts a negative effect on the beta. 

Overall the results show compelling evidence towards the opportunities of ESG factor investing, but 

the lack of consistency among ESG relevant data makes the construction of an ESG factor troublesome.  
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1. Introduction 

Investors and asset managers are becoming increasingly interested in the environmental, social, and 

governance (ESG) profile of their stock portfolios. Some asset managers and investors have always 

incorporated socially responsible investment (SRIs) into their investment decisions, but in recent years 

the use of ESG-conscious investments has increased dramatically. According to the Social Investment 

Forum (Aitken et al., 2018) the total US-domiciled assets under management that screened for various 

ESG criteria in their portfolio choice, grew from $8.7 trillion in 2016 to $11.6 trillion in 2018. The 

$11.6 trillion in 2018 represents approximately 26% of the total US assets under professional 

management. In Europe, total assets committed to sustainable and responsible investment strategies 

grew by 11% from 2016 to 2018 and reached $14.1 trillion in 2018 according to Global Sustainable 

Investment Alliance (2018 Global Sustainable Investment Review, 2018). $14.1 trillion represents 

approximately 49% of all professionally managed assets in Europe. One of the main drivers of this trend 

towards ESG investments is an ethical change in public consciousness: Investors have started to pick 

stocks based on morality and ethics. The screening happens because investors have become more 

concerned about the environmental impact of the stock they invest in and more averse towards 

controversial stocks (sin stocks). Concerns about the ESG impact of certain industries have led to 

investors shying away from controversial “sin stocks”, whether they are cluster munitions, tobacco, or 

alcohol. In this paper, such motives are acknowledged but not discussed any further. 

Environmental, social, and governance investing is a broad term with many approaches depending on 

the objective of the investment. ESG investing can roughly be divided into three main categories, each 

with their objective. The first category consists of people that use ESG investing to improve the risk-

return characteristics of their portfolio. The second category is composed of people that seek to align 

their investment to their norms and beliefs. The third category consists of impact investors, meaning 

investors who use their capital to cause change for social and environmental purposes. An impact 

investment could, for example, be to accelerate the decarbonisation of the economy. This paper is 

mainly focused on the first category; ESG as a means to achieve financial objectives in an investor’s 

portfolio. 

In recent years, many papers from both academia and the finance industry have examined the 

relationship between the ESG profile of companies and their financial risk and performance. The 

consensus from a meta-study that summarised the results of over 1000 research reports was that the 

correlation between ESG and financial performance was inconclusive (Giese et al., 2019). The current 

literature has found both positive, negative, and non-existent correlation between ESG and financial 

performance. Most of the researchers did, however, find a positive correlation. The inconclusive results 

most likely stem from the use of different ESG data and methodologies. The most important difference 

between the methodologies is how well the different researchers control for common factor exposures. 
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A mistake often committed by researchers finding a positive relation between ESG and financial 

performance is, that they fail to explain the economic change of high ESG firms that led to better 

performance. A failure to explain the economic change of high ESG firms means that many of the 

current research papers analysing the link between ESG and financial performance focus solely on 

historical data analysis. This type of analysis runs the risk of correlation mining. Correlation mining 

means that the researcher overfits their model to the dataset, thereby observing correlations that will not 

appear when tested out of sample. Another shortcoming among current research on the link between 

the ESG profile and their financial risk and performance is that correlation sometimes is confused with 

causality. 

A significant correlation between ESG, financial risk and performance is often implicitly interpreted to 

mean that  ESG causes a change in the financial value. However, a change in ESG  does not necessarily 

drive a change in financial value as the reverse is also possible. A firm with a high ESG score could, 

for example, be in better financial shape and therefore able to invest more in ESG friendly initiatives 

leading to a higher ESG score. This paper will use the correlation between different ESG ratings to 

justify its problem statement before examining the performance and risk of ESG. The evaluation of 

ESG will use quintiles to examine whether high ESG quintiles have higher risk and performance. This 

analysis runs the risk of selection bias and survival bias. These biases will, therefore, be analysed and 

evaluated in the relevant sections. 

ESG is a new method for quantifying financial risk that does not readily appear on a company’s 

quarterly report. However, even though ESG is widely used among asset managers, the ratings among 

different rating agencies vary significantly. The reason for the significant differences in ESG ratings is 

due to a lack of standardisation and transparency in the methodology used by the different rating 

agencies. This problem becomes clear when plotting the correlations in a correlation matrix. The 

following correlation matrix shows the correlation of ESG ratings agencies’ scores across a common 

sample of companies (Poh, 2020):  
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ESG rating 

 Asset4 KLD RobecoSAM Sustainalytics Vigoe-Eiris 

Asset4 -- 0.42 0.64 0.67 0.71 

KLD 0.42 -- 0.49 0.53 0.48 

RobecoSAM 0.64 0.49 -- 0.68 0.71 

Sustain 0.67 0.53 0.68 -- 0.73 

Vigoe-Eiris 0.71 0.48 0.71 0.73 -- 

 

Environmental rating 

 A4 KL RS SA VI 

A4    
 

 

KL    
 

 

RS    
 

 

SA    
 

 

VI      

 

Social rating 

 A4 KL RS SA VI 

A4    
 

 

KL    
 

 

RS    
 

 

SA    
 

 

VI      

 

Governance rating 

 A4 KL RS SA VI 

A4    
 

 

KL    
 

 

RS    
 

 

SA    
 

 

VI      

Table 1 

The results of Table 1 are concerning as approximately $30 trillion worth of investments have, in some 

way, relied on ESG ratings  (Poh, 2020). The average correlation among five ESG raters on 823 

companies was 0.61 (Poh, 2020). The average correlation for credit ratings from Moody’s Investors 

Service and S&P Global ratings is 0.99. Therefore, a correlation of 0.61 might not be what investors 

expect and cause confusion among investors. 

The low correlation can be problematic for pension funds, banks, and hedge funds which attempt or are 

required to maximise the ESG rating of their portfolio. Due to the significant difference in ESG ratings, 

asset managers can give biased estimates of the ESG rating of their portfolios. An asset manager would 

be incentivised to pick the rating agency that provides an ESG rating that maximises the ESG rating of 

the assets under management. This agency problem occurs since unlike other financial information, 

ESG data and rating agencies are currently not regulated or audited. Lawmakers in Europe and China 

have recognised the lack of quality and scale of ESG data and ratings and therefore begun regulation 

on ESG data measurement. The biggest economy in the world is, however, lacking behind. The U.S 

Securities and Exchange Commission (SEC) does currently not require disclosure of ESG data. 

The market of ESG rating is, therefore in need of a higher degree of standardisation and transparency 

on ESG data and rating. A framework for a coherent ESG rating that incorporates all the current 
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characteristics of an ESG rating is necessary. The need for a cohesive ESG rating framework leads to 

the research question of this paper. 

1.1 Research Question 

How can currently available data be used to construct a coherent ESG score that is viable for factor 

investing by asset managers while also quantifying part of the risk that a firm listed on the Copenhagen 

Nasdaq OMX has been facing from 2010-2020? 

The research question allows for several sub-questions. These sub-questions are listed below: 

1. How can an ESG rating framework that works for small, mid, large-sized enterprises be 

constructed? 

2. How does ESG score correlate with performance and risk of a stock? 

3. To what extent is ESG currently priced into stock prices on the Copenhagen Nasdaq OMX? 

4. How can the availability and quality of ESG data be improved? 

1.2 Structure 

To answer the research question, the paper will be structured into four sections. 

The first section is the theory and literature review. The theory and literature review will explain the 

history leading up to and including the construction of the current ESG score and the effect of ESG and 

social screening on asset pricing. 

The second section is the methodology section. In the methodology section, the chosen method and 

models will be explained. This section will form the basis of the analysis. 

The third section is the data section. In this section, the data collection, data structure, as well as an 

explanation of any possible data quality issues are presented. 

The fourth and last section is the analysis. In this section, the data will be used as described in the 

methodology. First, an ESG parameter is created using the literature from the literature review and the 

method from the methodology. The risk, performance, and firm characteristics of the different quintiles 

of the ESG scores are examined to understand the properties of the ESG factor. Secondly, regression 

models of the decomposition of returns using the market return and the ESG factor will be presented. 

Then the regression model will be expanded to include well known Fama-French factors. Thirdly, the 

ability to decompose the ESG factor using classical asset pricing factors is examined. Finally, the risk 

decomposition of the stock returns using the E, S, and G factors are used to determine whether the three 

factors used in the construction of the ESG factor predict an increase or decrease in beta, stock-specific 

risk or total risk. The results will then be discussed before being summarised in the final section, the 

conclusion. 
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1.3 Delimitation 

Before beginning the analysis, the limitations of this paper need to be discussed. 

First, since transaction costs are not accounted for in the analysis, the returns presented in the results 

might not be obtainable when accounting for transaction costs. For transaction costs to be implemented 

into the study would need an extensive amount of data on the historical trading costs on all the firms in 

the data sample. The inclusion of trading costs would complicate the analysis significantly while only 

providing a little more knowledge about the performance of the ESG factor. Therefore, since the thesis 

is only a preliminary analysis into factor models and ESG factor performance, transaction costs will not 

be accounted for in this study. 

A second important delimitation worth mentioning is the restrictions on certain market positions. In 

Denmark and the Nordics in general, short positions are not as frictionless as in the US due to fewer 

facilitators of shorting. Especially short positions on Small-Cap firms can be problematic. In this thesis, 

restrictions on market-positions will not be accounted for. The thesis, instead, assumes that an investor 

has no barriers to trading. Like with the transaction costs, the implementation of market position 

restrictions would add a layer of complexity beyond the scope of the thesis. Not accounting for barriers 

to trading might result in upward biased results and limited knowledge of the actual results of 

implementing the methodology. 

Lastly, it is assumed that the reader has a basic knowledge of topics such as efficient markets, portfolio 

theory, and basic statistic frameworks. These topics will, therefore, not be explained in detail any 

further. Delimitations specific to different parts of the thesis, such as the methodology, the data, or the 

analysis will be presented under the relevant sections in the thesis.  
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2. Research Method 

When conducting academic research, it is essential to be critical while evaluating the validity, 

robustness, and generalisability of the research. This section will present the research methods used to 

answer the research question. Furthermore, this section will describe how this study relates to the 

scientific view, the advantages and limitations of the research methods applied, and a justification of 

the methodological choices made in this study. 

2.1 Scientific View 

Research in most papers is generated through the observation of real-world phenomena and events. The 

description and characterisation of these phenomena and events can, from a research perspective, differ 

depending on the underlying paradigm. In its most basic form, research can be divided into two distinct 

paradigms; positivism and constructivism (Bryman & Bell, 2011). These paradigms differ in terms of 

their assumption related to both their ontology and their epistemology. Ontology can be defined as the 

perception of the nature of reality and thus describes how reality is perceived (Bryman & Bell, 2011). 

Epistemology can be defined as the theory of how acceptable knowledge is generated and describes the 

relationship between the researcher and the studied subject (Bryman & Bell, 2011). It is essential to 

understand these paradigmatic distinctions when conducting research since it improves the 

understanding of the analysis and results, and their shortcomings. 

The positivist paradigm is built around an objectivistic relation to reality. An objectivistic relation to 

reality means that reality exists independently of human senses. According to the positivist paradigm, 

it is therefore only possible to conduct knowledge in a way that is objective (Bryman & Bell, 2011). 

Positivism only accepts knowledge generated through the logical and mathematical processing of 

empirical data and excludes all knowledge generated through subjective constructions. One of the 

critical doctrines of positivism is the search for laws that are generalisable and applicable to multiple 

different scenarios. The positivistic viewpoint, therefore, aligns with the objectivism ontological 

position. The positivistic view is the basis for many financial theoretical models that have been 

constructed using historical data and verified by empirical studies. 

In contrast to the positivist paradigm is the constructivist paradigm. The constructivist paradigm is 

founded on the belief that no objective reality exists but instead consists of social constructs and 

phenomena continually being accomplished and revised by social actors (Bryman & Bell, 2011). 

Knowledge is, according to the constructivist paradigm, generated continuously as new information is 

adapted with old knowledge to generate an understanding of new situations. Since reality is in a state 

of constant change, it means that reality is both relative and multiple. The constructivist paradigm allows 

for both generalisable results and results applicable only to specific scenarios, such as case studies. 

Therefore, more than one reality can exist due to subjective interpretations and believes concerning 

particular scenarios. 
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This thesis relies on the use of empirical data to describe the reality of ESG investing as objectively as 

possible. Therefore, the positivistic paradigm is regarded as the most fitting for this thesis. The analysis 

is driven mainly by hypothesis testing and inference to test established theories and constructed 

hypotheses. This methodology aligns best with positivism and therefore confirms the positivistic 

paradigm is most fitting. The data sources are a mixture of primary and secondary sources with the raw 

data being unaltered empirical data on stock prices and different accounting information. The analysis 

is based on existing theories that are tested using new methodologies. The positivistic paradigm is based 

on the use of empirical data and primary sources, thereby confirming the close alignment between this 

thesis and positivism. Based on the above, it can be concluded that the methodology of this thesis is 

most aligned with the positivistic paradigm. 

2.2 Research Approach 

In order to answer the research question, it is important to choose an appropriate research approach. 

The research approach can either be quantitative or qualitative. The quantitative methodology aligns 

best with the positivistic paradigm due to its objective stance to knowledge. The quantitative 

methodology is often deductive. The principle of deductivism is to generate hypotheses that can be 

tested using existing theory, thereby allowing explanations of those theories to be assessed (Bryman & 

Bell, 2011). In contrast, the qualitative approach often relies on inductive processes. The principle of 

induction is to generate knowledge through the gathering of empirical observation that forms the bases 

for theories. Due to the positivistic paradigm and the nature of the research question, the quantitative 

approach is applied throughout this thesis. 

Despite the benefits and opportunities when applying a positivistic quantitative research method, it is 

important to be aware of the limitations and shortcomings of the chosen methodology (Bryman & Bell, 

2011). Quantitative methods are often criticised for their failure to distinguish between the social and 

natural world, meaning that applying quantitative methods to the social world will ignore many 

important aspects. Another critique is that generalisation is hard to achieve even if the conclusions are 

based on large, varied sets of empirical data due to inherent differences in populations and 

circumstances. A final critique of positivistic quantitative research methods worth mentioning is their 

reliance on the status quo. Positivistic quantitative studies are often only descriptive since they lack 

insight into causes and in-depth issues. Despite these shortcomings, the positivistic quantitative research 

method is still perceived as the best method for answering the research question. The reliability of the 

results is highly dependent on the empirical data and subject to the critique mentioned above. However, 

the findings of this thesis should still be comparable to other studies and provide generalisation for 

professionals to base their capital allocation decisions on, within a similar context.  
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3. Theory and literature review 

As mentioned earlier, many papers have recently been published, focusing on the correlation between 

ESG and financial performance and risk. The overall conclusion from these papers was inconclusive 

due to the vast difference in model and data. However, a lot of previous research papers have examined 

the individual effect of taste, carbon risk, corporate social responsibility, and corporate governance on 

asset prices and risk. These early papers have helped define ESG and ESG investing. In the next 

sections, the literature leading to ESG, and the literature on ESG and factor models will be reviewed 

and discussed focusing on relevancy to the research question of this paper. 

3.1 Theory of factor models and multi-factor portfolios 

The foundation of modern portfolio construction and asset pricing theory is Markowitz’s (1952) mean-

variance portfolio theory. The theory states that rational investors will seek to maximise their financial 

performance, subject to any constraint, and therefore hold efficient portfolios. Therefore, according to 

Markowitz’s (1952) mean-variance portfolio theory, rational investors are expected to maximise their 

return per unit of risk. The most common maximisation method is using the Sharpe ratio. The most 

important part of Markowitz’s modern portfolio theory was the effect of diversification. Markowitz 

explained that the volatility of individual assets is not, in general, a good method of defining its 

contribution to the volatility of a portfolio of many assets. 

Factor models are by Connor and Korajczyk (2010) defined as a model of security prices that 

decompose the return of a cross-section of assets into factor-related and asset-specific returns (Connor 

& Korajczyk, 2010). Connor and Korajczyk (2010) describe factor models using the following formula 

(Connor & Korajczyk, 2010, p. 402): 

 r = a + B ∗ f + ε Eq. 1 

This formula is the simplest way of describing a factor model. The return is a vector of random returns 

denoted r and of n assets, and assuming k factor, the B is a n ∗ k-matrix of factor betas. f is a k-vector 

of factor returns. The last part of the equation, ε, is an n-vector of asset-specific returns. The expected 

value is set so that E[ε] = 0. This way of describing factor return decomposition is devoid of empirical 

content. The factor decomposition as described above puts no empirical restrictions on returns beyond 

the existence of the mean and variance of r and f. Empirical structure can be added by including the 

assumption that the asset-specific returns, ε, are cross-sectionally uncorrelated, E[εε′] = D, where D is 

a diagonal matrix. This means that the covariance matrix of returns can be written as the sum of a matrix 

of rank k and a diagonal matrix (Connor & Korajczyk, 2010, p. 402): 

 V = cov(r, r′) = B ∗ Vf ∗ B′ + D Eq. 2 

This model is called a strict factor model. It is further possible to assume that Vf = cov(f, f ′) holds since 

it would otherwise be possible to remove one of the factors without affecting the fit of the model. 
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Factor models can be divided into three distinct factor models. The first one is the characteristic-based 

factor model. In a characteristic-based factor model, the factor betas originate from the observable 

characteristics of the securities. Characteristic-based factors could, for example, be factors such as 

company size, book-to-price ratio, or an industry dummy variable. The second model is the 

macroeconomic factor model. In a macroeconomic factor model, the factors are tied to innovations in 

economic time series such as inflation and unemployment. The last factor model is called the statistical 

factor model. In a statistical factor model, neither betas nor factors come from empirical data. Instead, 

the model is specified from the covariance of asset returns alone. 

The focus of this paper will be on characteristic-based factor models, and the macroeconomic and 

statistical factor model will, therefore, not be discussed further. Rosenberg proposed the first 

characteristic-based factor model in 1974 (Connor & Korajczyk, 2010). Rosenberg suggested that 

suitably scaled standard accounting ratios could serve as factor betas. Using these betas, Rosenberg was 

able to estimate the factor realisation using cross-sectional regression of time-t asset returns on the 

previously defined matrix of betas. This idea was expanded upon by Fama and French in a series of 

very influential papers. Fama and French (1993) proposed a two-stage method for estimating 

characteristic-based factor models. The first stage consisted of sorting assets into portfolios based on 

book-to-price and market value characteristics. By taking the differences between the returns of the top 

and bottom percentile portfolios they were able to construct proxies for the factor returns. They also 

constructed a market factor proxied by the return on a value-weighted market index. The second stage 

consisted of estimating the factor betas of portfolio and/or assets using time-series regression of asset 

returns on the factor proxies. In 1997 Carhart (Gompers et al., 2003) showed that by including a 

momentum factor, proxied by the highest twelve-month returns minus the lowest twelve-month returns, 

the explanatory power of the Fama-French three-factor model increased significantly, both in terms of 

explaining co-movements and mean returns. Fama and French later added two additional factors to their 

three-factor model (Fama & French, 2015), due to evidence that the three-factor model missed much of 

the variation in returns related to profitability and investment. Fama and French, therefore, added a 

profitability factor and an investment factor. The profitability factor was proxied by the difference 

between the returns on diversified portfolios of stocks with the highest and most robust profitability 

minus the returns of the ones with the weakest profitability. Likewise, the investment factor was proxied 

as the difference between the return on diversified portfolios of the stock of low and high investment 

firms. 

Modern portfolio allocation is built on a foundation of diversification (Bass et al., 2017). The more 

assets that are included in a portfolio, the more of the idiosyncratic (also called asset-specific) risk can 

be diversified away. The only exposures that persist are those of broad, persistent drivers of return. A 

portfolio’s factor risk profile is the key determinant of diversification benefits since it is factor risks that 

can carry long-term returns. Even though this is the case, the focus of modern portfolio allocation has 
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been largely focused on assets. The large focus on assets is most likely caused by the legacy of 

Markowitz (1952) mean-variance optimisation. By integrating factors into portfolio decisions, it is 

possible to enhance asset allocation by increasing the transparency on portfolio-level sensitivities to 

markets and events. Some factors have had a higher contribution to total and active risk, economic 

growth, real rates, inflation, etc., however many institutions still focus on attempting to predict market 

behaviour and asset movements for dozens of asset classes. By introducing a parsimonious set of 

explanatory factors, the complexity of such predictions is reduced. A parsimonious model will allow 

investors to focus on the return drivers that matter most. Factors portfolios can also be used defensively 

to reduce the drawdown risk and increase the risk-return trade-off in market downturns and times of 

high volatility. 

3.2 Disagreements, taste and asset prices 

Most theoretical work examining the relationship between socially responsible investments and 

financial performance are similar in content (Galema et al., 2008). They all focus on the disagreements 

in prices as a result of incomplete information. In the presence of incomplete information about 

expected return, variance, and covariance with other securities, investors will not include securities, for 

which they lack information, in their portfolio. A limitation on the number of securities in a portfolio 

will affect the risk-adjusted return of securities. This general model can also be implied to cover self-

imposed restrictions on portfolio construction. Stocks that should be excluded from the portfolio based 

on a self-imposed restriction can be considered as stocks with lacking information. For socially 

responsible investments, it means that an increase in risk caused by socially responsible acts could cause 

an increase in its expected return. Many papers have described this theoretical model or variants of it. 

For example, Heinkel describes investors as differing concerning their preference for green companies 

(Galema et al., 2008). Fama and French (2007) describe differences in non-financial performance 

among investors as tastes. 

In the paper, “Disagreement, tastes, and assets prices” by Fama and French (2007), socially responsible 

investing is linked with asset management. In the paper, Fama and French (2007) explain the 

shortcomings of standard asset pricing models, such as the Capital Asset Pricing Model (CAPM) of 

Sharpe and Lintner or the consumption-based model of Lucas when dealing with disagreements or tastes 

among investors. Both models, as mentioned above, share the assumptions that all investors know the 

true joint distribution of asset payoff, and investors choose assets solely based on anticipated financial 

performance. These assumptions do, however, not hold in the real world. The second part is especially 

relevant for this paper as ESG investors gain utility from investing in high ESG firms and thereby distort 

the joint distribution of asset payoff of the standard asset pricing models. The taste or social screening 

imposed on assets causes an excess demand for responsible firms and a shortage of demand for 

irresponsible firms. An excess demand for responsible firms and a shortage of demand for irresponsible 

firms leads to an overpricing of the former and underpricing of the latter. A shortage of demand causes 
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the risk-sharing among investors of irresponsible firms to become limited. Investors, therefore, require 

a return premium to make the risk-return payoff competitive, and the irresponsible securities worth 

holding in a stock portfolio. 

3.3 Environmental investing and carbon risk 

In 1991 Michael Porter described pollution as a waste resource, equal to waste of energy and material, 

and argues that an effort from companies to reduce pollution could reduce not only a company’s carbon 

footprint but also strengthen its competitiveness (Flammer, 2015). Michael Porter's description raises 

an important question regarding the validity of ESG investing: Is carbon risk currently reflected in asset 

prices? One of the most extensive papers examining this question is by Bolton and Kacperczyk (2019). 

Bolton and Kacperczyk (2019) examine the correlation between stock returns and CO2 emissions while 

controlling for all other known risk factors and characteristics. They find a significant correlation 

signifying that carbon emissions do affect stock returns. Using the current reporting method, they test 

for the effect of three different emissions types on firms’ stock returns. Scope 1 consists of direct 

emissions from production. Scope 2 consists of indirect emissions from the consumption of purchased 

electricity, heat, or steam. Scope 3 consists of other indirect emissions from the production of purchased 

goods, product use, waste disposal, outsourced activities, etc. Bolton and Kacperczyk (2019) find that 

the data on scope 1 and 2 have until recently been more systematically reported. However, scope 3 

emissions which are more important in industries such as automobile manufacturing and hardest to 

measure have recently been systematically assembled. Bolton and Kacperczyk (2019) find a positive 

and significant effect of all three scopes of emissions on firms’ stock returns. The effect is both 

statistically and economically significant. Even after controlling for well-recognised factors that predict 

returns such as size, book-to-market, momentum, etc. carbon emissions are still associated with higher 

returns. However, after adding an industry fixed effects, the effects of scope 1 and 2 on firm-level 

returns disappear. The effect of scope 3 emissions does, however, become even stronger when adding 

industry fixed effects. The stronger effect of scope 3 with added industry fixed effects suggests that 

investors perceive scope 1 and 2 emissions to be related to industries rather than to individual firms. 

Bolton and Kacperczyk (2019) also examine different types of investors, exposure to carbon risk. They 

find that institutional investors, overall, hold a smaller fraction of companies with high scope 1 and 2 

emissions. Especially insurance companies, pension, and investment advisors are underweight scope 1 

and 2 emissions. The negative ownership effect is highly significant and coincides well with the rise in 

popularity of socially responsible screening investment strategies followed by funds with ESG tilts. The 

screens have, however, only been placed on scope 1 and 2 emissions and left out scope 3 emissions. 

The reason for the lack of screening of scope 3 emissions may be because scope 3 emissions only 

recently became available. After 2015 the premium of scope 3 jumped due to the increase in availability. 

This jump was not followed by scope 1 or scope 2 emissions. For firms, this means that they can increase 

their value by reducing their scope 3 emissions. Firms might also increase to their value by reducing 
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scope 1 and 2 emissions. However, it cannot be excluded that individual firm efforts may go unnoticed 

since most of the price effects seem to be driven by industry-level filters. Therefore, it is possible that 

being “best in class” within a sector for scope 1 and 2 emissions may not make much of a difference. 

Another approach to examining the relevancy of carbon emissions on investment performance is to look 

at the availability and consistency of carbon emission data. By examining the consistency and 

availability of carbon data, it becomes possible to conclude whether investors and fund managers can 

effectively use carbon data to price assets or predict asset movements. Busch et al. (2018) examine the 

consistency of emission data to help investors, rating agencies, and policymakers improve on usage and 

decision making regarding carbon data reporting. 

Busch et al. (2018) find that although carbon emissions are being increasingly systematically accounted 

and reported, some carbon emission data remain highly inconsistent. Scope 1 and 2 emissions provide 

a rather consistent picture, especially when the data use the GHG protocol accounting standard. Using 

a combination of estimated scope 1 and 2 emission data also provides a homogenous result, although 

the consistency is lower than reported data. By accounting for the different estimation methods, the data 

gaps seem to close within reason. Most importantly is that the highest level of consistency is achieved 

when firms use the same emission accounting standard, such as the GHG protocol. The biggest 

inconsistencies originate from the scope 3 emissions, for both the reported and the estimated data. One 

of the contributors to the inconsistency comes from the complexity of quantifying scope 3 emission. 

Another contributor is due to the usage of different estimation methods. Increase in data quality among 

scope 1 and 2 emissions have largely been driven by demand for increased disclosure from investors. 

Therefore, an increase in data quality of scope 3 emissions could likewise be driven by demand from 

investors. An increase in demand for disclosure of scope 3 emissions could increase scope 3 data 

consistency in the long term. 

3.4 Corporate social responsibility and the effect of human capital 

The effect of corporate social responsibility on firm performance is a widely discussed subject. The 

focus on human capital and employee satisfaction began in 1911 with Taylors “The Principles of 

Scientific Management”, which focused on the cost-efficiency of the capital-intensive firms of the 20th 

century (Edmans, 2011). According to Taylor, employees are equal to other inputs such as raw materials 

and the goal of the management should, therefore, be to maximise output while minimising costs. 

Employees are satisfied if they are overpaid or underworked, both of which reduce firm value. The 

principal-agent theory supports Taylor’s Scientific Management theory. The theory states that a firm’s 

objective is maximised by holding a worker to their reservation wage. This view on employees has 

changed dramatically over time. The current business environment has changed to focus on quality and 

innovation. The change towards quality and innovation has also meant a shift from physical capital to 

human capital (Zingales, 2000). Human relations theories have begun viewing employees as key 
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organisation assets, rather than expendable resources. Employees can create value by inventing new 

products or building client relationships. From this theory, it can be concluded that satisfaction can 

improve retention and motivation, benefiting the shareholders. Edmans (2011) puts this view on human 

capital to the test by testing the correlation between employee satisfaction and shareholder returns. 

Edmans (2011) investigates the market’s ability to price intangibles and whether intangibles are not 

incorporated due to the lack of information. Edmans (2011) investigates the market’s ability to price 

intangibles using the Best Companies (BC) list of satisfaction. The BC list of satisfaction measures 

satisfaction rather than expenditures on employee-friendly benefits. Edmans (2011) finds a significant 

outperformance even a month after the publication of the BC list. The significant outperformance 

among firms on the BC list suggests that the market does not fully price intangibles, even if the 

information is available. The reason that the market does not fully value intangibles may be because the 

theory provides ambiguous predictions of the effect of employee satisfaction on firm value. Another 

explanation for the lack of incorporation of intangibles into the asset prices is that investors use 

traditional valuation methodologies from the 20th century which are based on pricing physical assets 

and are not easily changed to include intangibles. Finally, mispricing is also relevant. Conclusively, 

Edmans (2011) finds that high satisfaction causes higher firm value, but the market fails to capitalise 

on it promptly. 

The results from the analysis also verify the viability of the profitability of socially responsible 

investment strategies. Markowitz (1952) suggests in his modern portfolio theory that any exclusion 

screen should mathematically yield a less optimised portfolio. The evidence that employee satisfaction 

as a socially responsible investment screen improves return contradicts Markowitz mathematically 

based theorem. This does, however, not mean that a socially responsible investment screen can help, as 

investors who do not screen stocks are free to choose all stocks, including the screened stocks. The 

socially responsible investment screen can help time, and resource-limited investors focus on a set of 

good investments. Ultimately a firm’s social concern for other stakeholders, such as employees, may 

benefit shareholders, but also not be priced by the market since “stakeholder capital” is intangible. 

Another approach to examining the effect of corporate social responsibility on a firm’s financial 

performance is made by Flammer (2015). Flammer examines the effect of close call shareholder 

proposals related to corporate social responsibility on financial performance. The adoption of close call 

corporate social responsibility proposals yields positive returns around the announcement data and 

superior accounting performance in the fiscal year. The positive returns and superior accounting 

performance imply that close call corporate social responsibility proposals are value-enhancing. The 

value-enhancing mechanisms originate from an increase in labour productivity and sales growth due to 

an increase in job satisfaction and catering to socially responsible customers after the vote. Flammer 

(2015) also somewhat surprisingly finds that not all corporate social responsibility proposals are equal. 

Close call corporate social responsibility votes are more likely to address employee satisfaction and the 
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mitigation of environmental hazards. Therefore, although the adoption of close call corporate social 

responsibility proposals is beneficial to firms, it does not necessarily mean that all corporate social 

responsibility proposals are beneficial to firms. Finally, Flammer (2015) finds that the value gains of 

close call social responsibility votes are largest among firms with low levels of corporate social 

responsibility before the vote. Since firms with low levels of corporate social responsibility have greater 

value gains, it indicates that corporate social responsibility is a resource with decreasing marginal 

returns. Since corporate social responsibility is a resource with decreasing marginal returns, it implies 

that the relationship between corporate social responsibility and firm performance is concave. 

3.5 Corporate governance, accruals and shareholder rights 

The measurement of corporate governance has generally taken two different approaches. The first 

approach is built on evidence that accruals hold valuable information about the governance of firms 

while also has continued to predict returns even post-publication. 

The first paper analysing accruals as a measure of governance was the paper “Do Stock Price Fully 

Reflect Information in Accruals and Cash Flows About Future Earnings?” by Sloan (1996). Sloan 

(1996) examined the information contained in the accrual and cash flow components of earnings relative 

to the stock price. Sloan (1996) finds that financial performance attributed to an accrual component of 

earnings has lower persistence than financial performance attributed to a cashflow component. Sloan 

(1996) further finds that investors do not distinguish between the financial performance attributed to 

accruals and the financial performance attributed to cash flow components. Firms with relatively high 

(low) levels of accruals, therefore, experience negative (positive) abnormal returns in the future around 

the earnings announcement. Sloan (1996) attributes his results to the subjectivity in the estimation of 

accruals. Richardson et al. (2006) later wrote another paper on the subject named “The Implications of 

Accounting Distortions for Accruals”. Building on Sloan’s (1996) results, Richardson et al. (2006) 

examined whether the lower persistence of accruals can be explained by estimation errors in accruals 

or opportunistic managerial discretion. These distortions could arise from both unintentional errors in 

forecasting and intentional manipulation. Richardson et al. (2006) conduct two sets of tests to test these 

explanations to the lower persistence among accruals. The first test consists of a decomposition of 

accruals into a growth and an efficiency component. The results suggest that both growth and efficiency 

components contribute to the lower persistence of earnings. Since both growth and efficiency 

components contribute to the lower persistence of earnings, it means that marginal returns do not 

completely explain the lower persistence of accruals. It also means that accounting distortions are 

significant in the explanation of lower persistence. The second test examines the relation between 

accruals and SEC enforcement actions for alleged earnings manipulations. Firms subject to SEC 

enforcement actions have abnormally high accruals at the time of the alleged earnings manipulation and 

unusually low accruals following the SEC enforcement actions.  These results adhere to the hypothesis 

that accruals are an indication of high levels of opportunistic managerial discretion. Ultimately, 
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Richardson et al. (2006) find that the most likely explanation for the lower persistence of the accrual 

component of earnings is temporary accounting distortions. Furthermore, the SEC enforcement action 

tests indicate that part of the distortion can be credited to the opportunistic use of managerial discretion. 

The growth-related explanation might explain a part in the lower persistence among the accrual 

component but seem to be secondary to the other explanations.  

The methodology presented by Sloan (1996) was further improved upon by Richardson et al. (2005). 

Richardson et al. (2005) found that by including accrual measures besides working capital, accruals 

increase the likelihood of predicting SEC enforcement actions. Richardson et al. (2005) find that firms 

that restate earnings have high market expectations for future earnings growth and have high levels of 

outstanding debt. Due to a desire to attract external financing at low costs, comply with debt covenants, 

meet analyst earnings targets, and maintain consistent earnings growth and surprises, firms might 

manipulate earnings. These justifications explain how capital market pressure acts as a motivation for 

companies to adopt aggressive accounting policies. Firms that undergo restatements have substantial 

accruals in the years leading up to the alleged manipulation. Sloan (1996) limited his measure of accrual 

only to include working capital accruals. However, Richardson et al. (2005) find that important 

information about the opportunistic use of managerial discretion is contained in non-current operating 

accruals and net financial accruals. By including non-current operating accruals and net financial 

accruals, Richardson et al. (2005) can increase the likelihood of predicting SEC enforcement actions. 

The second approach to estimate the level of corporate governance focuses on shareholder rights. The 

first to use this approach was Gompers et al. (2003). Gompers et al. (2003) argue that governance can 

be measured as the strength of shareholder rights. Based on this, Gompers et al. (2003) listed 24 

corporate-governance provisions. The provisions were then divided into five groupings and used to 

construct a “Governance Index” as a proxy for shareholder strength. The assets were ranked by adding 

one point for every provision that reduced shareholder rights. Then the index was constructed by 

dividing the top decile into a Dictatorship Portfolio and the bottom decile into a Democracy Portfolio 

and calculating the outperformance of the Democracy Portfolio against the Dictatorship Portfolio. The 

index was used to test three distinct hypotheses Gompers et al. (2003, p. 110): 

“Hypothesis I is that weak shareholder rights caused additional agency costs.” 

“Hypothesis II is that managers in the 1980s predicted poor performance in the 1990s, but investors did 

not.” 

“Hypothesis III is that governance provisions did not cause poor performance (and need not have any 

protective power) but rather were correlated with other characteristics that were associated with 

abnormal returns in the 1990s.” 
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Gompers et al. (2003) find some evidence in support of Hypothesis I namely higher agency costs 

between the index and both capital expenditure and acquisition activity. No evidence was found in 

support of Hypothesis II. In support of Hypothesis III, Gompers et al. (2003) find several observable 

characteristics that can explain up to 33% of the performance differences. Ultimately, Gompers et al. 

(2003) find that firms with higher values of the Governance index, and thereby fewer shareholder rights, 

achieve lower average returns. However, subsequent research has found that the relationship between 

governance and returns may not be as clear as previously assumed (Dunn et al., 2018). Later studies 

have found the same results in-sample as Gompers et al. (2003), but no correlation between return and 

governance out of sample. The lack of correlation between return and governance out of sample could 

be explained by investors incorporating ESG profiles into their portfolios following the paper by 

Gompers et al. (2003) thereby trading away the return predictability. 

3.6 ESG investing and performance 

Now that the literature that constitutes the individual parts of an ESG profile has been reviewed, it is 

time to review the literature regarding ESG investing and performance. The first paper is by Dunn et 

al. (2018). Dunn et al. (2018) examine the basic intuition behind ESG investing, as well as the risk 

decomposition of environmental, social, and governance dimensions. 

Dunn et al. (2018) describe ESG as being able to convey additional information about the riskiness of 

their investment. The environmental risk could, for example, be a firm that has high levels of emissions 

and is exposed to legislative risk if a carbon tax is imposed. Similarly, a social risk could be a firm that 

treats its employees poorly, thereby risking a backlash from its consumers leading to a sales plummet. 

Finally, a governance risk could be a poorly governed firm that may get involved in a money-laundering 

scandal, ultimately causing its downfall. These examples of ESG risk all have in common that they have 

a significant impact on a firm’s values, even though the impact is both uncertain in time and scale. 

Many papers argue that ESG aware investors will attempt to mitigate these types of risk by investing in 

stocks that rank well on ESG. Investing in stocks that rank well on ESG would lead to the demand and 

price of poorly ranked ESG stocks to decrease, which may translate to higher returns in the future. This 

effect is well documented empirically by, for example, Hong and Kacperczyk (2009), who find that sin 

stocks have a higher expected return than comparable stocks. Dunn et al. (2018) use the MSCI ESG 

database to examine the risk exposure relative to the ESG rating. The MSCI ESG database, also known 

as the Intangible Value Assessment databased groups risk into environmental, social, and governance 

based on key areas (Dunn et al., 2018, p. 7): 

• “Environmental, including climate change, natural capital, pollution, and waste;” 

• “Social, including human capital, product liability, and stakeholder opposition; and” 

• “Governance, including corporate governance and corporate behaviour.” 
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Within these groupings, companies are assessed based on individual firm exposure, the size of the risk, 

and the risk management measures in place to address the risk. The MSCI ESG methodology aims to 

be an objective and accurate assessment of the risk a particular company is facing. Based on the data 

and using time-series regressions Dunn et al. (2018) conclude that of the three dimensions comprising 

ESG, only the social and governance element show a significant correlation with risk.  Dunn et al. 

(2018) explain the lack of significance of the environmental element by either, environmental exposure 

being inherently less important to companies’ risks, or the environmental data available being noisier 

than social and governance data, thereby preventing the regressions from yielding statistically 

significant results. 

This result is verified in a paper by Pedersen et al. (2019). Pedersen et al. (2019) proxies a governance 

index using accruals and an environmental index using greenhouse gas equivalent emissions. Pedersen 

et al. (2019) find all results to be significant in the governance index and few results to be significant in 

the environmental index when using ESG to predict returns. 

Another paper examining the link between ESG information and the valuation and performance of 

companies is Giese et al. (2019). Giese et al. (2019) differ by examining the way ESG information is 

transmitted in a standard discounted cash flow model, which they divide into the cash-flow channel, the 

idiosyncratic risk channel and the valuation channel. Giese et al. (2019) argue that when understanding 

the order of causality between high ESG ratings and higher valuation, a chicken-and-egg problem 

occurs. The order can be explained by examining the changes in systematic risk profile to the valuation 

channel (Giese et al., 2019, p. 10): 

• “An improving ESG profile means a company is becoming less susceptible to systematic risks.” 

• “Lower systematic risk leads to a reduction in a company’s cost of capital.” 

• “The reduction in cost of capital leads to an increase in valuation.” 

Furthermore, Giese et al. (2019) find some unique properties among highly ESG rated firms. ESG 

ratings have displayed a different intensity-longevity profile from most other traditional factors. 

Longevity is defined as the existence of a risk-reduction effect, and intensity is defined as the impact a 

factor has shown in its transmission channels (Giese et al., 2019). Intensity-longevity affects how and 

where traditional factors and ESG ratings can be used together. Traditional factors are used in 

quantitative investment strategies, as well as, factor replicating portfolio indexes and experience high 

turnover. The longevity of ESG ratings makes it better suited for integration into benchmarks. 

Moreover, by combining traditional factors with ESG ratings, it could be possible to achieve both short-

term performance gain and long-term risk reduction. Conclusively, Giese et al. (2019) find that 

companies’ ESG information was transmitted to their valuation and financial performance through their 

systematic risk, by lowering the cost of capital and increasing valuation, and through their idiosyncratic 

risk profile, by increasing profitability and lowering exposure to tail risks. This indicates that ESG 
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information may be a useful financial indicator and ESG rating may, therefore, be suitable for 

integration into benchmarks and financial analyses. 

Finally, a meta-study by Fulton et al. (2013) analyses 56 research papers, two literature reviews, and 

four meta-studies to examine whether a correlation exists between ESG and cost of capital, corporate 

financial performance, and fund returns. Fulton et al. (2013) report that 100% of the studies find that 

firms with high ESG ratings have a lower cost of capital both in terms of debt and equity. 89% of the 

studied papers show a positive correlation between ESG and market-based financial outperformance. 

Similarly, 85% of the studied papers show a -positive correlation between ESG and accounting-based 

financial outperformance. Studies of fund outperformance have shown a more mixed result. 88% of the 

examined studies have found no significant over- or underperformance. The low amount of significance 

indicates that fund managers have struggled to capture the overperformance found among high ESG 

securities. 

Overall, it seems that the current belief is that an increase in ESG can significantly affect a firm’s 

valuation by decreasing the cost of capital, increasing profitability, and lowering exposure to tail risk 

(Giese et al., 2019). The lower cost of capital, higher profitability, and lower exposure to tail risk seems 

to lead to significant financial outperformance by highly rated ESG firms. 
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4. Methodology 

Based on the literature review, an appropriate methodology is constructed to answer the research 

question. The methodology is structured around the Fama and French (1993, 2015) asset pricing 

methodology. Four distinct methodological frameworks are used in this paper; 1) asset pricing models 

2) factor construction, 3) model estimation and inference, and 4) factor portfolio evaluation. The 

statistical framework is based around ordinary least squares regressions, and the basis for model 

estimation is hypothesis- and significance tests. All four methodologies used are directly related to the 

answering of the research question and will in the following section be elaborated. 

4.1 Scope of the study 

The focus of this study is to determine whether it is possible to create a viable ESG factor-based solely 

on publicly available information. The factor should be able to cover firms of all market capitalisations 

and be able to be used by asset managers in a  multi-factor portfolio. To this extent, it is necessary to 

develop an asset pricing methodology that can test the viability of a new factor as an extension to the 

classic asset pricing models. Currently, MSCI and rating agencies have a high data requirement to be 

able to rate a firm. The high data requirement by rating agencies limits the viability of the current ESG 

score to only extend to Large-Cap firms due to the larger data availability and higher accounting quality 

among Large-Cap firms. The overrepresentation of Large-Cap firms limits the current ESG 

methodology to only be feasible for 1% of all listed firms in Europe. In this paper, an alternative 

methodology that lowers the data required but still can proxy environmental, social, and governance 

exposure is going to be constructed. The feasibility of this ESG framework will be tested by its ability 

to explain the cross-section of returns, be explained by classic asset pricing factors, and its ability to 

predict the risk of firms listed on the Nasdaq OMX Copenhagen. It will be necessary to perform tests 

on the asset pricing model using both equal-weighted and value-weighted factor returns. To this 

purpose, the Fama and French (1993, 2015) asset pricing methodology is used. The Fama and French 

asset pricing methodology is based on linear ordinary least squares regressions. Before explaining the 

construction of the ESG factor, the asset pricing models used in combination with the ESG factor should 

be explained. 

4.2 The asset pricing models 

Six asset pricing models will be used to test their ability with the constructed ESG factor to explain the 

cross-section return of firms listed on the Copenhagen Nasdaq OMX. The first model is the Sharpe-

Lintner Capital Asset Pricing Model (CAPM), which describes the cross-section return as the sensitivity 

of an asset to the market return excess of the risk-free rate (Merton, 1986, p. 495). 

 Rt − Rft = α + βi ∗ (RMt − RFt) + ϵt Eq. 3 
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The CAPM (Eq. 3) is the simplest asset pricing model used in this thesis. The CAPM describes the 

excess return of an asset (Rit) using only its sensitivity to the market return (RMt) excess of the risk-

free rate (RFt). The fit of the model is often evaluated on the t-statistic of the intercept. An asset pricing 

model that fully explains the cross-section return of an asset will at a beta value of 0 have an excess 

return of 0, and the model will, therefore, have no intercept. For all models, the lower-case coefficients 

of the factors explain an asset i’s exposure to the factor. The ϵt term is the zero-mean residual of the 

model or shocks to the return not predicted by the model. The second asset pricing model that will be 

used to test the cross-section return is the Fama-French 3-factor model (Fama & French, 2015, p. 2). 

 Rt − Rft = α + bi(RMt − RFt) + siSMBt + hiHMLt + ϵt Eq. 4 

The Fama-French 3-factor model (Eq. 4) expands on the Capital Asset Pricing Model (CAPM) by 

including two new factors. The first factor is the same as in the CAPM. The second factor is the size 

factor, which is constructed using a portfolio sorted on small-minus-big market capitalisation firms. 

The third factor is the value factor, which is constructed using a portfolio sorted on high-minus-low 

book-to-market ratio firms. Carhart proposed the third asset pricing model in 1997 (Galema et al., 2008, 

p. 2648). 

 Rt − Rft = α + bi(RMt − RFt) + siSMBt + hiHMLt + miWML + ϵt Eq. 5 

Carhart (Eq. 5) proposed that the inclusion of a momentum factor in the Fama-French 3-factor model 

would improve the model’s ability to explain the cross-section returns of assets. Carhart, therefore, 

constructed a fourth factor named the momentum factor, which is constructed by sorting a portfolio 

monthly on return with the 30th percentile as the breakpoint for losers and the 70th percentile as the 

breakpoint for winners. The momentum factor is then constructed as the winners-minus-losers. Fama 

and French later revised their 3-factor model due to criticism of its lack of ability to model profitability 

and firm investments (Fama & French, 2015, p. 3). 

 Rt − Rft = α + bi(RMt − RFt) + siSMBt + hiHMLt + riRMW + ciCMAt + ϵt Eq. 6 

The Fama-French 5-factor model (Eq. 6) added two new factors. The profitability factor which is 

constructed using a portfolio sorted on robust-minus-weak operating profitability and the investment 

factor, which is constructed by sorting a portfolio on conservative-minus-aggressive investments. 

Lastly, the informal 6-factor model, which is the most extensive asset pricing model, is a combination 

of the Fama-French 5-factor model (Eq. 6) and the momentum factor from the Carhart model (Eq. 5). 

 Rt − Rft = α + bi(RMt − RFt) + siSMBt + hiHMLt + riRMW + ciCMAt + miWML + ϵt Eq. 7 

The six-factor model (Eq. 7) is the most extensive asset pricing model, consisting of all previously 

explained factors. More detail on the construction of the common factors is attached in Appendix 11. 
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5. Next, it will be explained how the E, S, G, and ESG factors are constructed and implemented into 

the six asset pricing models presented above. 

4.3 Factor construction 

In this paper, four distinct factors are examined, three of them are used as intermediaries, and the final 

one, the ESG factor, is the objective of this paper. The first intermediary factor is the environmental 

factor. The environmental factor is constructed using a proxy for the environmental impact a firm has 

and the environmental risk it is facing. Based on the literature, the best proxy for the environmental 

dimension of a company is greenhouse gas emission data. Emission data differs in consistency and 

accounting standards (Busch et al., 2018). Therefore, it is necessary to find the most widely reported 

emissions data. Two types of data fit this description. The first emission data is Total GHG Emission, 

which measures the total greenhouse gas emission in thousands of metric tons. This accounting type 

adheres to the GHG protocol. Greenhouse gases are defined as those gases that contribute to the global 

warming crisis and include carbon dioxide (CO2), Methane (CH4), and Nitrous Oxide (N2O). Total 

GHG Emission does not include scope 3 emissions. The definition of scope 3 emissions allows for 

much interpretation, and therefore there is significant variability in scope 3 reported data. The lack of a 

clear definition of scope 3 emissions could cause abnormal variations in company Total GHG emissions 

figure. However, Bolton and Kacperczyk (2019) find that firms with lower scope 3 have significantly 

higher premiums, and scope 3 should, therefore, be included since it could add explanatory value to 

asset pricing. 

The second measurement of emission data also follows the GHG Protocol but divides the emission type 

into three scopes. The scopes were explained in the literature review but can be summarised as; scope 

1 is direct emission, scope 2 is emissions from consumed utilities, and scope 3 is emissions from 

upstream the supply chain. Based on primarily Total GHG Emissions and using the sum of scope 1-3 

as supplementary data in case of missing values, it is possible to get as broad a data coverage as possible. 

The environmental factor is then calculated as the negated amount of emissions and normalized using 

the book value of the total assets of a firm: 

 
E =

−Total GHG Emissions − Scope 3 emissions| − ∑ Scopei
3
i=1

Total Asset
 

Eq. 8 

The environmental score (Eq. 8) is then ranked linearly from 0-10. Ten is given to the firm with the 

lowest emissions and 0 to the firm with the highest emissions of all firms in the data sample. The data 

is then divided into quintiles, and the factor return is then calculated as the top quintile minus the bottom 

quintile. The factor portfolio is reconstructed monthly. 

The second intermediary factor is the social factor. The social factor is proxied by employee satisfaction 

as employee satisfaction, and human capital can predict social risk and asset returns (Edmans, 2011). 

The only widely available source of data that can proxy the social dimension is staff expenses on salary 
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and productivity. These are not necessarily the best proxies because staff expenses are an input measure 

uninformative of its quality or success, and other drivers than employee satisfaction can cause 

productivity. However, because this paper limits itself to using only widely available data, these proxies 

are the best way to estimate the social dimension of a firm. The staff salaries are obtained directly from 

the quarterly report, while the productivity is calculated as the average net sales turnover per employee: 

 
Productivity =

Net Sales

#Employees
 

Eq. 9 

To make the values comparable, staff expenses are also normalised using the number of employees: 

Staff Compensation =
Staff expenses − wages & salary

#Employees
 

Eq. 10 

The total social score is calculated as the sum of the two proxies. Since the social score is calculated as 

the sum of the productivity and the staff compensation, it implies that for this analysis, staff 

compensation and productivity equally proxy’s a firm’s social dimension. The equal weighting of 

productivity and staff compensation may not necessarily be the best solution. However, for the sake of 

simplicity, it is assumed that compensation and productivity equally proxy’s a firm’s social dimension. 

After both productivity (Eq. 9) and staff compensation (Eq. 10) is calculated, the social dimension is 

calculated as: 

S = Employee satisfaction = Staff Compensation + Productivity Eq. 11 

Once the social score (Eq. 11) has been calculated, all values are ranked monthly 0-10. Zero is given to 

firms with the lowest social score and ten given to firms with the highest social score of all firms in the 

data sample. The firms are then divided into quintiles based on their social score. The return of the firms 

in the best quintile minus the return of the firm in the worst quintile will yield the factor return, which 

will be used in the asset pricing model. 

The third and last intermediary factor is the governance factor. The governance factor is proxied by 

accruals, as described first by Sloan (1996) and later expanded by Richardson et al. (2005). Sloan 

(1996), and later Richardson et al. (2006), find that the accrual component of earnings has lower 

persistence than the cash flow component of earnings. Richardson et al. (2006) find that the lower 

persistence can be accredited primarily to accounting distortions and the opportunistic use of managerial 

discretion. Richardson et al. (2005) expand the accruals measure used in the paper by Sloan (1996). 

Richardson et al. (2005) find that operating accruals, financial accruals, and working capital accruals 

all are indicators of earning manipulation caused by opportunistic use of managerial discretion. 

Richardson et al. (2005), therefore construct three accrual measures that will constitute the governance 

score in this paper. The first accruals measure was developed by Sloan (1996). The working capital 

accruals were the first accrual measure developed (Richardson et al., 2005, p. 14): 
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Working capital accruals = WC = COA − COL Eq. 12 

The working capital accruals (Eq. 12) is calculated as the difference between the current operating assets  

(COA) and the current operating liabilities (COL). Richardson et al. (2005) expanded with two 

additional accrual measures. The first additional accrual measure being non-current operating accruals 

(Richardson et al., 2005, p. 14):  

Noncurrent operating accruals = NCO = NCOA − NCOL Eq. 13 

The non-current operating accruals (Eq. 13) is calculated as the difference between the non-current 

operating assets (NCOA) and the non-current operating liabilities (NCOL). The second added accrual 

measure is net financial accruals (Richardson et al., 2005, p. 14): 

Net financial accruals = FIN = FINA − FINL = STI + LTI − FINL Eq. 14 

The net financial accruals (Eq. 14) is calculated as the difference between financial assets (FINA) and 

financial liabilities (FINL). The financial assets can be calculated as (Richardson et al., 2005, p. 14): 

Financial assets = FINA = STI + LTI Eq. 15 

Where the financial assets (FINA) is the sum of the short-term investments (STI) and long-term 

investments (LTI). The Financial liabilities are calculated as (Richardson et al., 2005, p. 37): 

Financial liabilties = FINL = LTD + DCL + Preferred stock Eq. 16 

The Financial liabilities (FINL) is the sum of the long-term debt (LTD), the debt in current liabilities 

(DCL) and preferred stocks. The three measures for accruals can be used to calculated total accruals by 

(Richardson et al., 2005, p. 14): 

Total Accruals = TACC = WC + NCO + FIN Eq. 17 

The total accruals measure (Eq. 17) is the final accruals measure that will be used to construct the 

governance score. The total accruals measure will be normalised as per Sloan (1996, p. 294) and negated 

as per Pedersen (2019): 

G =
−Total Accruals

Total Assets
 

Eq. 18 

Once the governance score (Eq. 18) has been calculated, all values are ranked monthly 0-10. Zero is 

given to the firms with the highest accruals, and ten is given to the firms with the lowest accruals. The 

firms are then divided into quintiles based on their governance score. The return of the firms in the best 

quintile minus the return of the firm in the worst quintile will yield the factor return, which will be used 

in the analysis. 

The resulting score is the ESG score. The ESG score is calculated as the sum of the environmental, 

social, and governance scores: 
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ESG = E + S + G Eq. 19 

Once the ESG score (Eq. 19) has been calculated, the ESG is also ranked 0-10. Ten is given to the firm 

with the highest total E, S, and G score, and 0 is given to the firm with the lowest total E, S, and G 

score. The firms are then divided into quintiles based on their ESG score. The return of the firms in the 

best quintile minus the return of the firm in the worst quintile will yield the factor return. The factor 

return will be used in the analysis to, among other things, test the ability of the ESG factor to explain 

the cross-section returns of firms listed on the Copenhagen Nasdaq OMX.  

Finally, the ESG factor can be calculated as the top quintile of ESG rated firms minus the bottom 

quintile of ESG rated firms: 

 ESGFactor = Best ESG − Worst ESG Eq. 20 

The E, S, G, and MSCI ESG factors are calculated using the same method as in Eq. 20: Subtracting the 

return of the quintile portfolios with the lowest scores from the return of the quintile portfolios with the 

highest scores. An example of a regression estimated in the analysis using the ESG factor could be the 

CAPM asset pricing model with the ESG factor added: 

 Rt − Rft = α + βi ∗ (RMt − RFt) + esgi ∗ ESGFactor + ϵt Eq. 21 

Other regressions will be estimated using the ESG factor by adding more conventional factors or by 

using the conventional factor to explain the cross-sectional returns of the E, S, G, ESG, and MSCI ESG 

factors. 

 ESGFactor = α + βi ∗ (RMt − RFt) + +ϵt Eq. 22 

The environmental, social, governance, and ESG factor returns will be calculated using both an equal-

weighted and a value-weighted return. The equal-weighted return will be calculated as: 

REW =
∑ (1 + ri)

N
i=1

N
∀ i = Stock 1, … , Stock n 

Eq. 23 

That is the equal-weighted gross return (Eq. 23) is calculated as the average of the sum of the gross 

return. Likewise, the value-weighted return is calculated as: 

RVW = ∑
MCi ∗ (1 + ri)

∑ MCN
i=1

N

i=1
∀ i = Stock 1, … , Stock n 

Eq. 24 

The value-weighted gross return (Eq. 24) is calculated as the sum of the weighted gross return relative 

to the total market cap (MC). 

4.4 Model estimation and inference 

The model estimation will be based on ordinary least squares (OLS) using univariate and multivariate 

linear regression. The use of OLS in asset pricing is inspired by Fama and French (1993), Connor and 
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Korajczyk (2010), and Skovmand (2018). The purpose of ordinary least squares regression is to 

determine estimates of α and β. For this, a measure of the goodness of fit is needed. OLS regression 

uses the sum of squared error (SSE) to solve this problem. Given a multiple linear regression such as 

(Skovmand, 2018, p. 44): 

 Yi = α + β1 ∗ X1i + β2 ∗ X2i + ⋯ + βk−1 ∗ XK−1i + ϵi Eq. 25 

This notation can also be written as (Skovmand, 2018, p. 45): 

 𝐘
n ∗ 1

=
 

𝐗
n ∗ k

∗
 

𝛉
k ∗ 1

+
 

𝛜
n ∗ 1

 
Eq. 26 

In such a case, the least minimization problem is as follows (Skovmand, 2018, p. 45): 

 θ̂ = arg min SSE(θ) Eq. 27 

With the sum of square error (SSE) being defined as (Skovmand, 2018, p. 45): 

 SSE(θ) = (𝐘 − 𝐗 ∗ 𝛉)′ ∗ (𝐘 − 𝐗 ∗ 𝛉) Eq. 28 

Using vector and matrix differentiation, it is possible to show that the sufficient first-order condition 

used in the minimization problem is (Skovmand, 2018, p. 45): 

 �̂� = (𝐗′𝐗)−𝟏 ∗ 𝐗′𝐘 Eq. 29 

In the asset pricing theory methodology, the interest revolves around the estimation of the intercept of 

the regression and not necessarily the estimation of all the coefficient estimates. Had the interest been 

the estimation of all the coefficient estimates, OLS regression would not suffice, and a maximum 

likelihood method would have had to be used. The reason the intercept is more interesting is that if the 

factor mimicking portfolios are well-specified and are good proxies for systematic risk in the cross-

section of returns, then the intercepts (alphas) should individually and jointly not be significantly 

different from zero. If the intercept is significantly different from zero, then either the model is 

misspecified, or arbitrage opportunities exist. It is often assumed that arbitrage opportunities do not 

exist since they would invalidate the efficient market hypothesis, as well as the asset pricing theory 

framework. Significant intercepts are, therefore, almost always assumed to be due to an asset pricing 

model that is insufficient to explain the cross-section of stock returns. 

Therefore, the performance of the asset pricing models will be evaluated on the significance of the 

intercepts. The rejection of the hypothesis test will be synonymous with a rejection of the asset pricing 

model. For the hypothesis test, the null hypothesis is that the intercept is insignificantly different from 

0 with the alternative hypothesis being that the intercept is statistically different from 0: 

 H0i: αi = 0, HAi: αi ≠ 0, ∀ i = 1, … , n Eq. 30 
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Under the assumption that the errors are normally distributed it is possible to calculate the test statistic 

and probability that the intercept is different from 0. Given that each OLS regression has the following 

distribution (Skovmand, 2018, p. 48): 

 �̂�~N(𝛉, σ2(𝐗′𝐗)−1) Eq. 31 

It is possible to show that the test statistic for each intercept (alpha) can be calculated as (Skovmand, 

2018, p. 49): 

 α̂

σ̂√𝐑(𝐗′𝐗)−1𝐑′
 ~ t(n − k) 

Eq. 32 

The R variable is the restriction vector that enables relevant moments to be extracted from matrices and 

vectors to test the desired coefficient. An absolute test-statistic over 1.96, means a significant alpha and, 

therefore, a rejection of the asset model. 

To further evaluate the fit of the asset pricing model, the adjusted R2 will be used. The R2 describes how 

much the variance of the independent variables explains the variance of the dependent variable. In this 

case, the R2 will tell how much the variance of the factor returns explains of the variance of the asset 

returns. The reason the adjusted R2 is used over the clean R2, is to obtain the most parsimonious model. 

The clean R2 increases mechanically when more explanatory variables are added to the model, even 

though they do not add explanatory power and therefore, the adjusted R2 is in this case, preferred over 

the clean R2. The adjusted R2 is calculated as: 

 
Radj

2 = 1 −
(1 − R2)(n − 1)

n − k − 1
 

Eq. 33 

It is necessary to calculate the clean R2 before calculating the adjusted R2. The clean R2 is calculated 

as: 

 
R2 = 1 −

SSE

SST
= 1 −

σ̂ϵi
2

σ̂i
2 , ∀ i = 1, … , n 

Eq. 34 

The clean R2 (Eq. 34) is thereby calculated as one minus the variance of the residuals (SSE) divided by 

the full variance (SST). 

The statistical methodologies that have just been described are based on several assumptions; therefore, 

before examining the factor portfolio evaluation, it is necessary to quickly mention the most important 

assumptions and implications underlying the statistical methodology. 

The first important assumption is the avoidance of multicollinearity (Skovmand, 2018, p. 45). From the 

formula for the ordinary least-squares estimator, Eq. 29, it is clear to see that the OLS depends on the 

inverse of the independent variable matrix. Inverse matrices must be non-singular (invertible). The 

model breaks down in case of linear dependencies of the explanatory variables. This problem can be 

diminished by picking explanatory variables that are not perfectly correlated. 
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The second important assumption is the assumption of normality. Many of the tools used in statistical 

analysis rely heavily on an assumption of normal distributions. That is also the case for the chosen 

statistical methodology in this paper. Most of the inference and hypothesis testing rely on an explicit 

assumption of normally distributed sample data. Returns have rarely been normally distributed, 

however, for the sake of the statistical analysis in this paper (and in most academic papers) it is assumed 

that returns are normally distributed. 

The third and final important assumption is the assumption of stationary data. Stationarity means that 

there is no autocorrelation between different points in time. If the data is not stationary, then it is not 

possible to estimate the regressions or test the hypothesis since the distribution of the estimators will 

not be asymptotically normal. It will then not be possible to use the hypothesis testing, as explained 

above. It is assumed that autocorrelation does not exist in returns since it would imply a rejection of the 

weak-form efficient market hypothesis. Therefore, no tests for stationarity will be done on the dataset 

in this paper. 

4.5 Factor portfolio evaluation 

To evaluate the performance of the factor portfolios, it is necessary to define some performance metrics. 

The performance metrics will be used to evaluate the portfolio’s performance directly, as well as its 

ability to mitigate risk. The following section is inspired by Cuthbertson and Nitzsche (2004, Chapters 

3–11) and Campbell et al. (1997, Chapters 5–6) 

For calculations of stock returns, simple discrete returns are calculated each month.  

 rt =
rt

rt−1
− 1 

Eq. 35 

The first two estimates are the average historical return and variance/volatility. These two performance 

estimates will be based on the portfolio’s historical prices from 2010-2020. The historical return will 

be calculated as: 

 
rx = (∑ rt

T

t=1
)

1

T
, ∀ t = 1, … , T 

Eq. 36 

The historical volatility is calculated as: 

 

σx[rX] = √(∑ (rt − E[rX])2
T

t=1
)

1

T
, ∀ t = 1, … , T 

Eq. 37 

Since the data is monthly, the estimates will be monthly as well. Unless specified the return will be 

monthly return. The return and volatility will be annualised by (Cuthbertson & Nitzsche, 2004, p. 2): 

 rx
Y = (rx + 1)n − 1, ∀ t = 1, … , T Eq. 38 
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The return (Eq. 36) is thereby annualised using discrete compounding. The historical volatility is 

annualised as: 

 σx[rX
Y] = σx[rX] ∗ √n, ∀ t = 1, … , T Eq. 39 

The historical volatility (Eq. 37) is annualised by scaling the standard deviation with the square root of 

n, which in this case is 12 because there are 12 trading months per year. These two performance metrics 

are the base for any single portfolio performance evaluation. However, to be able to compare portfolio 

performance, it is necessary to implement a performance metric that adjusts the return relative to the 

risk. The most commonly used risk-reward ratio is called the Sharpe ratio. The Sharpe ratio is calculated 

as (Cuthbertson & Nitzsche, 2004, p. 79): 

 
SR =

rx
Y − rf

σx[rX
Y]

 
Eq. 40 

Another popular performance metric is the alpha. The alpha benchmarks against the return of the 

market. The return of the portfolio can be used in the CAPM’s security market line to calculate the 

alpha: 

 Rt − Rft = α + βi ∗ (RMt − RFt) + ϵt, ∀ t = 1, … , T Eq. 41 

The alpha measures the excess return beyond what is explained by the market return. The beta explains 

the part of the return that can be explained from its market exposure, also called its systematic risk. The 

idiosyncratic risk or unsystematic risk is caused by shocks contained in the ϵt variable. The beta estimate 

is also an essential figure in the risk performance metric when evaluating a portfolio. The beta can 

further be used to adjust the portfolio so that only the alpha and the idiosyncratic risk is left: 

 Rt − Rft − βi ∗ (RMt − RFt) = α ∗ ϵt, ∀ t = 1, … , T Eq. 42 

The market-adjusted portfolio excess return (Eq. 42) can be annualised using Eq. 38 and the 

idiosyncratic risk can be annualised using Eq. 39. The beta of an asset can be calculated as: 

 
βi =

Cov(ri, rm)

Var(rm)
 

Eq. 43 

The beta can be calculated as the covariance of the return of the asset with the return of the market 

divided by the variance of the market. The beta of a portfolio can be calculated as the weighted sum of 

the assets in the portfolio: 

 
βp = ∑ Wi ∗ βi

n

i=1

, ∀ i = 1, … , n 

Eq. 44 

The annualised idiosyncratic risk - alpha reward ratio is called the information ratio (IR). The 

information ratio can be calculated as: 
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IR =

E[αx
𝑌]

σ[ϵx
Y]

 
Eq. 45 

Another more practical way of summarising a portfolio’s riskiness is through value-at-risk (VaR) and 

expected shortfall (ES). The value-at-risk measures the maximum expected loss over a given horizon 

which will occur α% of the time. The value-at-risk can be calculated as (Hull, 2018, p. 278): 

 VaR = (rx
Y − zα ∗ σx[rX

Y]) Eq. 46 

That is, the maximum an investor can expect to lose is calculated as the mean annual portfolio return 

(rx
Y) subtracted the product of the chosen significance level (zα) and the annualised historical volatility 

(σx[rX
Y]). This formula (Eq. 46) assumes that returns are NIID, meaning that the returns are assumed 

normally identically independently distributed. Given a significance level of 5%, the z-value equal 

1.645 and the value-at-risk measure will equal the 5% left tail cut-off point of the normal distribution. 

For example, given a mean annualised portfolio return of 5%, a historical volatility of 15%, and a 

significance level of 5%, the maximum expected loss over one year would equal 29.67%. To account 

for non-normality in the return distributions, it is possible to calculate the value-at-risk as the 5th 

percentile of the sample data. 

The value-at-risk is attractive due to being easy to understand. However, the measure is often criticised 

for not being able to satisfy a subadditivity condition. Subadditivity means that when two portfolios are 

aggregated, the total risk measure should decrease or stay the same due to diversification effects. 

Another criticism is that the value-at-risk measure does not care for tail risk losses of a portfolio. The 

value-at-risk answers the question “how bad can things get?” but does not explain how bad the losses 

can be given that the market conditions are in the worst possible outcomes. The expected shortfall (ES) 

deals with these problems. The expected shortfall is the expected loss given that the worst α% case does 

occur? The expected shortfall can be calculated as (Hull, 2018, p. 279): 

 

ESα = μ + σ ∗
e−

zα
2

2

√2 ∗ π ∗ (1 − α)
 

Eq. 47 

Where the loss is assumed to be normally distributed with a mean annual portfolio return of rx
Y, an 

annual historical volatility of σx[rX
Y], the significance level is α, and zα is the αth percentile point of the 

standard normal distribution. Alternatively, the expected shortfall can also be calculated using the 

sample data. The expected shortfall can be calculated as the average loss every month with losses larger 

than the value-at-risk of the portfolio: 

 ESα = E[Loss|Loss > VaRz] Eq. 48 

Since the sample data is monthly, the value-at-risk and expected shortfall will also be monthly. Since 

there is no industry standard, these risk metrics, the value-at-risk and expected shortfall, will both be 

reported using annual occurrence. 
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Finally, a way to decompose the risk of an asset into their specific factor was developed by Dunn et al. 

(2018). Dunn et al. (2018) examine the relationship between E, S, G, and ESG scores and risk while 

controlling for other stock characteristics such as size and growth. By estimating a regression E, S, G, 

and ESG as the main explanatory variable and some of the risk measures above as the dependent 

variable Dunn et al. (2018) can examine the risk contribution of the E, S, G, and ESG. The E, S, G, and 

ESG scores are lagged by a quarter due to most of the data used to construct the E, S, G, and ESG  

scores being quarterly. The regression model for stock i in month t can, therefore, be written as (Dunn 

et al., 2018, p. 10): 

 riski,t = ESGi,t−4 + Controlsi,t−4 + ϵi,t Eq. 49 

The control variables used in this case will be the natural logarithm of the market capitalisation and the 

book-to-market ratio. 

4.6 Methodology limitations and conclusion 

Even though the methodology above might provide answers to the research question, it is essential to 

note that the quality of the results is only as good as the inputs. Therefore, any miscalculations or 

misestimation can cause the results to become faulty, and the analysis to reach wrong conclusions. One 

common way of dealing with the quality of the results is to implement more conservative measures. By 

decreasing returns and increasing risk measures, it is possible to decrease the likelihood of extreme 

results. However, this paper is a preliminary analysis of factor trading using ESG factors on the 

Copenhagen Nasdaq OMX. Therefore, the results will use raw results, and neither the return nor risk 

will be adjusted to make the results more conservative. 

The methodology is also limited in its accuracy to the chosen definition of the ESG proxies. As 

described above the ESG has been chosen to be proxied as a firm’s greenhouse gas emissions, staff 

compensation, productivity, and total accruals. These proxies are built on current literature and have 

been found to be good proxies for a firm’s environmental, social, and governance dimensions. However, 

the fact that these proxies are built on current literature does not necessitate that they are good or 

accurate proxies for ESG. For example, accruals might not indicate good or bad governance in a firm 

and instead be depending on different firm structures within industries. Similarly, productivity and staff 

compensation might not proxy a firm’s social dimension but instead be based on industry standards, 

education level of employees, or the size of the company. The chosen ESG proxies are, therefore, a 

critical assumption and limitation on the methodology and analysis. If the chosen ESG proxies do not 

accurately proxy the ESG performance of a firm, then the ESG factor will not be an ESG factor. If the 

constructed factor is not an ESG factor, then it will not be possible to answer the research question. It 

is, therefore, essential that the chosen ESG proxies accurately proxies the ESG performance of a firm 

to answer the research question successfully. 
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In conclusion, a combination of  ESG proxies from the current literature is used to construct an ESG 

score. The E, S, G, and ESG factors are constructed as the return of the top minus bottom quintile 

portfolios of the respective scores. The quintile portfolios are evaluated using traditional risk and 

performance metrics, such as return, total risk, and value-at-risk. The ESG factors are then tested using 

a combination of asset pricing models, hypothesis testing, and risk models, to test the viability of the 

ESG factor.   
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5. Data Sample 

The data for the analysis is comprised of accounting and market data of all stock on the Copenhagen 

Nasdaq OMX in the period 2010-2020. The data is collected using many different financial databases 

such as Bloomberg, MSCI ESG, Compustat, and French data Library. The data used in this study is 

quantitative and has been partly gathered from primary sources, but the main part of the data has been 

gathered from secondary sources. This section will be divided into three subsections. The first 

subsection describes and evaluates the data sources and selection process leading to the sample data. 

The second subsection describes the treatment of the data before applying the methodology. Finally, 

the third subsection will review data quality issues that might affect the quality and robustness of the 

results. All the data used in the analysis can be found in the attached spreadsheets. 

5.1 Data sources and selection 

The data sample was chosen since the current ESG ratings overrepresent firms in the Large-Cap market 

capitalisation segment and due to the perceived large availability of ESG relevant data in Denmark and 

the Nordics in general (Baselli, 2020). Since current ESG ratings overrepresent firms in the Large-Cap 

segment, it was essential to select a data sample that reflects the fact that 99% of all listed firms in the 

EU are SMEs (cf. Figure 1). Therefore, the sample data ended up being the Copenhagen Nasdaq OMX. 

The data sample being the Copenhagen Nasdaq OMX does, however, present certain complications in 

the analysis. Even though the firms listed on the Copenhagen Nasdaq OMX are primarily SMEs, 

individual firms dominate the index in terms of market capitalisation. Novo Nordisk, for example, 

constitutes on average a 24% weight in the value-weighted index. Therefore, it is essential to use both 

the value-weighted and equally-weighted indexes to conclude on, since certain idiosyncratic factors 

might dominate the factor movements. In Figure 1, below, the number of firms in each market 

capitalisation segment is plotted over time. Figure 1 clearly shows that firms in the small capitalisation 

segment are well represented. The largest segment is the Small-Cap segment. The second-largest 

segment is, to begin with, the Mid-Cap and then becomes the Large-Cap segment. 
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Figure 1 

Secondly, the Copenhagen Nasdaq OMX has a low degree of industry diversification, and specific 

industries are overrepresented (cf. Figure 2), which might cause the results to become skewed. Figure 

2 shows the distribution of industries for the firms in the data sample from 2010-2020.  

  

Figure 2 

In Figure 2, there is a clear overrepresentation of firms in the manufacturing and finance, insurance, 

real estate industries, while firms in retail trade, construction, and mining are underrepresented. As 

mentioned, this might skew the results and thereby lower the robustness of the results. 

However, the focus of this paper is to construct an ESG rating that can be implemented by asset 

managers today, is applicable for all listed firms, and viable for factor investing. Therefore, the 
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methodology is, to some extent, as important as the results. This paper seeks to prove, among other 

things, that the extensive data requirement needed by rating agencies, such as MSCI, means that more 

ESG relevant information is being incorporated into the ESG score, but also limits the extent and 

thereby the usefulness of their ESG rating. In Figure 3, the total number of observations and the number 

of ESG rated firms for each market capitalisation segment is plotted over time. 

 

Figure 3 

From Figure 3, it is clear that ESG rating agencies overrepresent Large-Cap firms while completely 

neglecting Small-Cap firms. Figure 3 motivates the research question of this paper. The firms are 

divided into market capitalisation segments based on the definition of Nasdaq (Market Cap Segment 

Review at Nasdaq Nordic Exchanges, 2020). Small-Cap is defined as firms with a market value smaller 

than EUR 150 million or DKK 1.12 billion. Mid-Cap is defined as firms with a market value between 

EUR 150 million or DKK 1.12 billion and EUR 1 billion or DKK 7.47 billion. Finally, Large-Cap is 

defined as firms with a market value exceeding EUR 1 billion or DKK 7.47 billion. The chosen firms 

come from both the main Copenhagen Nasdaq OMX, as well as, from the First North market. The 

inclusion of the First North market was done to include more Small-Cap firms, to increase the number 

of growth firms, and increase the level of industry diversification. 

The examined period was chosen to be from January 2010 up to and including January 2020. This data 

period was chosen since it will allow the spread and evolution of ESG to be examined while also 

providing the most recent, and thereby also most relevant, data. The time window allows for a large 

sample to be collected, thereby increasing the robustness and reliability of the results. The time window 

could be expanded, but as witnessed in Figure 3, the earliest ESG ratings on the data sample started in 

2014. No economic downturns were experienced in the examined period, which can both be an 

advantage and a disadvantage. The advantage is that the performance of ESG rating is not periodically 
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affected by different economic drivers. The disadvantage is that it will not be possible to conclude 

whether highly rated ESG firms outperform low rated ESG firms in an economic downturn. This topic 

is outside the scope of this paper but is a relevant topic for future research. 

The data sample selected is all listed on Copenhagen Nasdaq, and therefore the currency is all in Danish 

kroner (DKK). There is, therefore, no need to adjust for currency fluctuations. 

The data providers were found through searches of publicly available sources and an evaluation of the 

quality of the data provided. The data was retrieved from well-known and respected data providers. 

Below will follow a short description of each data provider used, an evaluation of the quality of the data 

provided, and a summary of the data retrieved from each provider. 

Bloomberg: Bloomberg is a financial data provider, offering various investor relevant data, including 

environmental, social, and governance data. Bloomberg does not currently offer its own ESG rating but 

reports ESG ratings from ISS, RobecoSAM, and Sustainalytics. Bloomberg is a world-renowned 

financial data provider who prides itself on high-quality data. Bloomberg, therefore, offers a high degree 

of reliability and data quality to the input used in the analysis. From Bloomberg ESG ratings and carbon 

emission data were retrieved on all firms listed on the Copenhagen Nasdaq OMX in the period 2010-

2020. 

MSCI: MSCI is a financial service provider targeting mainly investment banks. MSCI offers a variety 

of ESG data, including its ESG ranking. MSCI is arguably the largest and most frequently used among 

the ESG rating agencies. MSCI describes its ESG rating as a proxy for a company’s resilience to long-

term, financially relevant ESG risk. MSCI currently offers ratings on 7,500 companies and more than 

650,000 equity and fixed income securities globally (ESG 101: What is ESG?, 2020). From MSCI, the 

ESG ratings were retrieved for all firms in the data sample in the period 2010-2020. 

RobecoSAM: RobecoSAM is an investment specialist focused exclusively on sustainable investing. 

Together with Standard and Poor's (S&P) Dow Jones Indices, RobecoSAM publishes the globally 

recognized Dow Jones Sustainability Indices. RobecoSAM bases its ESG rating on the sum of all 

question scores. The environmental dimension is comprised of an average of 4-10 criteria covering 

environmental reporting, environmental policy & management, operational eco-efficiency, etc. The 

social dimension consists of an average of 5-10 criteria covering topics such as social reporting, 

corporate citizenship, human capital development, talent retention, etc. Finally, the economic dimension 

is comprised of an average of 6-10 criteria covering topics such as corporate governance, business 

ethics, crisis management, etc. From RobecoSAM the total ESG scores, the environmental scores, and 

the social scores were retrieved for all firms in the data sample. 

Sustainalytics: Sustainalytics is a research and rating agency with a special focus on sustainable 

investments. Sustainalytics currently offers ESG data on approximately 11,000 companies. 
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Sustainalytics offers broad coverage of all major global markets and environmental, social, and 

governance research tools designed to be incorporated into investment processes and systems. From 

Sustainalytics the overall percentile assigned to the firms in the data sample based on its ESG score is 

retrieved, as well as, the industry-specific percentile rank for a firm’s management of respectively, its 

environmental record, its social record, and its governance record. 

ISS ESG: ISS ESG is the research and rating agency of ISS (Institutional Shareholder Services). ISS 

ESG focuses solely on responsible investing. ISS ESG consists of ISS-ethix, ISS-oekom, and ISS-

climate. ISS ESG provides climate data, analytics, and other toolsets to help investors identify and act 

on ESG risk at both a security and portfolio level. From ISS ESG the ISS quality score, which is the 

score assigned by ISS to a firm’s governance practice, is retrieved. 

Carbon Disclosure Project (CDP): The Carbon Disclosure Project is a non-profit organisation that 

encourages and supports firms to disclose their carbon equivalent emissions in a standardised way to 

allow for comparability. Since 2003 the CDP has annually distributed questionnaires to various 

corporations from various capital markets to gather data on their CO2 equivalent emissions, climate 

strategy, climate-related risk, etc. CDP is currently able to report data on more than 2,000 companies 

continually. CDP encourages companies to adopt the GHG protocol to allow for more structure and 

comparability in carbon data reporting. From CDP, the total greenhouse gas emission, scope 1, scope 

2, and scope 3 emissions were retrieved on all firms in the data sample. 

Compustat: Compustat is a financial data provider, offering financial, statistical, and market 

information on active and inactive global companies. Compustat covers 56,000 companies worldwide, 

divided into 88,000 securities with 45,500 of them being non-North American securities. Compustat is 

used to retrieve fundamental data on firms in the data sample. The complete list of data retrieved from 

Compustat is attached in the appendix (cf. Appendix 11. 4). 

Kenneth R. French Data Library: The Kenneth R. French Data Library is a publicly available website 

offering data on portfolios sorted on the Fama-French factors, as well as, other relevant financial data. 

Dartmouth runs the website in collaboration with Kenneth French. From the Kenneth R. French Data 

Library, the factor returns for the Fama-French 5 factor model, the momentum factor, and the risk-free 

rate for securities on the European market in the period 1990-2020 is retrieved. The market return is the 

value-weight of the European stock market portfolio, and the risk-free rate is the one-month T-bill rate. 

The explanation of the calculation of the different factor returns is included in the appendix (cf. 

Appendix 11. 5) 
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5.2 Data treatment and screening 

Using the data extraction method as described above, a data sample of 153 unique firms are identified 

over 121 months for a total of 15,824 observations. However, before being able to apply the 

methodology as described in section 4, the data needs to be screened and treated. 

Firstly, the data is screened to remove duplicate listings. Duplicate listings include firms with class A 

and B shares. The data sample is checked for duplicate listing by screening both the International 

Securities Identification Number (ISIN) and the company name. Class A shares are removed from the 

analysis, and B shares are kept. Class A shares are removed so as not to allow firms with both class A 

and B shares to dominate any factor quintile. If for example, a firm with class A and B shares are in the 

top or bottom quintile, then they are overrepresented in the factor quintile causing idiosyncratic 

movements and risk to become prevalent. Class B shares are kept since they are more liquid and highly 

traded, removing any risk of liquidity premiums affecting the asset price. Furthermore, class B shares 

give investors one voting right, whereas class A shares usually give investors more voting rights. Since 

most common equity shares provide the investor with one voting right at an annual general meeting, 

class B shares are preferred for this analysis over class A shares. 

Secondly, an assumption is made that the best forecast for missing values is the last known observation. 

The use of the last known observation is done to assure a sufficient amount of data to perform the 

analysis. The use of last known observations implicitly means that the underlying data generating 

process (DGP) is assumed to be a random walk. If no known values are found over the examined period, 

then the firm will automatically be picked up by a screen removing missing values and removed from 

use in the analysis. This assumption is made due to the scope of the project. If an investor does not 

know the current or future values of given variables, a common assumption is to use the last known 

value. The effect this assumption has on the quality is discussed in the next section. 

Thirdly, the data is screened by examining the data for outliers. The data is screened for outliers by 

plotting the excess return (cf. Appendix 11. 6). All data points identified as outliers by the boxplot are 

excluded. The return data is screened for outliers to remove any extreme data points which mostly are 

caused by errors in the stock data and could, therefore, cause the conclusions to be false. Although, too 

much altering of the raw data is to be avoided since it introduces biases such as survivor and selection 

biases. The data sample should remain as close to reality or practical application as possible. The highest 

and lowest monthly excess return before outlier screening is respectively, 98,233.22% and -91.1%. 

These values are so extreme that they should be removed from the analysis as they are doubtful to occur, 

especially given an assumption of normally distributed returns. They most likely are caused by errors 

in the stock price data. 
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5.3 Data quality issues 

After the data extraction method as described above, a data sample consisting of 153 unique firms is 

identified over 121 months for a total of 14460 observations. The data screening process, although 

thorough, will not be able to prevent all data quality issues and therefore, the remaining data quality 

issues need to be addressed. 

Compustat, although widely renown, does not provide comprehensive raw data. However, given the 

extensive screening that has been performed to correct the data set for errors such as duplicate listings, 

missing values, etc. The final data set should have a significantly improved quality compare to the raw 

data and therefore minimise the risk of erroneous conclusions. No database is perfect, and therefore 

there is no reason to prefer Compustat over other equally renowned databases. 

No significant biases should be present in the data sample. The data set is quite broad, and the time 

window over which the data is examined is quite long. However, there is the possibility that due to the 

extensive screening and chosen methodology biases, such as survivorship, look-ahead and selection, 

might be present. Biases could, for example, be caused by delistings or short-lived stocks, since the 

portfolio construction relies on a constant stream of accounting information. Even though the strictness 

of the screens might introduce both survivorship bias, by excluding shorter-lived stocks, and selection 

bias, making the data sample less representative, they are a necessary evil to ensure the data quality of 

the raw data output from Compustat. The purpose of the thesis to construct and evaluate the performance 

of an ESG factor using a similar methodology as Fama and French (1993) to provide asset managers 

with evidence of the viability of an ESG factor in multifactor portfolios. Therefore, the strict filters, 

even though they might introduce biases, are put into place to ensure high quality and broad samples to 

base the conclusion on so that thesis can be useful for investment professionals. 

A non-representative choice of period can also be the cause of selection bias in the data sample. Most 

research used in the construction of factor models is based on data dating back to 1962. However, ESG 

ratings first started becoming available in 2014, as shown in Figure 3. Extending the examined period 

further would only introduce more missing values into a data set that is struggling with missing values. 

If the period was chosen to include the Financial Crisis of 2007-2008, it could distort the results, due to 

the extreme movements in the market. However, it would also allow the analysis to include a test on 

the performance of the ESG factor during an economic downturn. However, as explained, it would only 

introduce more bias into the analysis, and therefore the period was chosen to be from 2010-2020. 

A common screen when examining equity is the removal of real estate investment trusts (REIT) and 

listed private equity funds (PE). However, due to the intent of this paper, it would only diminish the 

representativeness and thereby the usefulness of the results. Removing investable funds would bias the 

results. ESG ratings quantify the financial risk not captured by traditional risk measures. These risks 
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are also present in real estate investment trusts and listed private equity firms. Therefore, no screening 

will be done using the Standard Industrial Classification (SIC) to remove specific industries. 

The last discussion to be had about data quality issues is the issue of assuming that the best forecast for 

missing values is the last known observation. The use of last known observation to fill out missing 

values introduces many biases but is a necessity as will become evident during the next section, 

summary statistics. Very few firms currently publicly report on greenhouse gas emissions, employee 

satisfaction, and human capital retention. The lack of reporting of ESG relevant data also means that 

the analysis will be biased towards firms reporting ESG relevant data. Firms that do not report ESG 

relevant data are removed from the ESG factor portfolio construction as per the methodology. The data 

needed, was at specific periods, too underreported to construct a well-diversified factor portfolio. 

Therefore, to populate the sample with more relevant ESG data, it was chosen to assume that the best 

forecast for missing values is the last known observation. The use of last known observation to fill out 

missing values also means that any unreported changes in the ESG metrics will go unnoticed as it would 

be if any financial data would go unreported. Until ESG relevant data becomes more widely reported 

and standardized by firms, it is necessary to construct a methodology that allows the data set to be 

populated. However, given the sizeable amount of data needed for the analysis, the data quality issues 

have been limited extensively minimising the risk of any significant data quality issues arising. 
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6. Results 

To begin with, the summary statistics of the screened data sample is provided to give a quick overview 

of the data variables used in the analysis. The summary statistics can help provide evidence in support 

or against the research question but is not part of the main results. The summary statistics show the 

level of consistency and standardisation of ESG relevant data for firms in the data sample. The summary 

statistics are followed by the baseline and main ESG factor model results. 

6.1 Summary statistics 

Initially, a table containing an overview of the summary statistics on all the variables used to construct 

and evaluate the constructed ESG rating is provided. As stated earlier, the analysis will be based on 

monthly data on 121 periods from January 2010 up to and including January 2020. One hundred fifty-

three unique firms have been selected and screened, as described in section 3. The following table, 

Table 2, aims to provide an insight into trends and the lack of consistency of the data used for the 

analysis. The most important parts of the table are the variation in the number of observations (N), the 

standard deviation (SD), and the large difference between the median and mean indicating a highly 

skewed distribution: 

Characteristic N  Mean Median SD 10%ile 90%ile 

Total GHG (Q/tt)       169      2,661        55       8,695      3.7       3,473  

Scope 1 Emission (Q/mt)       161      2,770        11       8,802      1.0       4,867  

Scope 2 Emissions (Q/mt)       164         308        27       2,939      1.4         339  

Scope 3 Emissions (Q/mt)       133         706        33       4,340      3.3         292  

Share Outstanding (M/m)  15,824          99        11         304      0.8         217  

Price Close (M)  15,824         558      105       2,945      2.5         713  

Current Assets (Q/m)    3,496      3,441      379       9,551    27.9       8,007  

Total Assets (Q/m)    4,914    43,543    1,734   314,665    92.1     38,482  

Cash and Short-Term Investments (Q/m)    4,902      4,622        85     37,197      3.2       2,715  

Total Long-Term Debt (Q/m)    3,865    16,743      283   124,099    13.2       7,627  

Debt in Current Liabilities (Q/m)    3,890      3,349        68     35,862      2.3       1,759  

Investment and Advances – Equity (Q/m)    1,282         280        17       1,667      0.7         463  
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Investment and Advances – Other (Q/m)    2,050         491          6       2,582        -           328  

Total Short-Term Investments (Q/m)       320    36,407      697     85,224    27.9   180,804  

Total Current Liabilities (Q/m)    3,491      2,861      259       7,805    12.2       7,175  

Total Liabilities (Q/m)    4,914    38,523      923   300,873    29.4     27,344  

Total Preferred Stock (Q/m)         -             -           -              -          -              -    

Employees (Y/t)       827          16          2           74      0.0           16  

Sales/Turnover (Net) (Y/m)       921      8,431      829     26,531    22.5     16,007  

Staff Expenses – Wages and Salary (Y/m)       876      1,769      117       6,443      6.0       3,198  

Table 2 

The first column in Table 2 names the variable. The parenthesis first shows the frequency and then the 

scale of the variable. For the frequency M is monthly data, Q is quarterly data, and Y is yearly data. For 

the scale tt denotes thousands of metric tons, mt represents million metric tons, m is million, and t is 

thousand. The second column in Table 2 shows the number of observations that were obtained for each 

of the variables. The third column in Table 2 shows the mean of the variables. The fourth column in 

Table 2 shows the median. The fifth column in Table 2 shows the standard deviation, worth noting is 

that among the emissions data, scope 1 and scope 3 have high standard deviations unlike Busch et al. 

(2018) which only finds high standard deviations among scope 3 emissions. The sixth and seventh 

column in Table 2 shows the 10th percentile and 90th percentile, respectively. The number of 

observations, mean, median, and standard deviations varies widely, and no clear trend emerges. The 

wide ranges of the mean, median and standard deviation provide a clear overview of the consistency, 

or lack thereof, of the data used to construct the ESG rating. It quite quickly becomes apparent from 

Table 2 that a minimal amount of ESG relevant data is readily and publicly available. The lack of readily 

available ESG relevant data is a critical point in the relevancy of ESG factor investing. If the data used 

to construct the ESG factor is not consistent and lacks many observations, then the ESG factor will be 

less diversified and have a higher risk of idiosyncratic movements. Conclusively, there seems to be a 

low level of consistency and standardization in ESG relevant data leading to a low number of 

observations with high standard deviations decreasing the robustness of the ESG factor. 

6.2 Baseline analysis 

Next is a reproduction of the correlation matrix of Poh (2020). The correlations of the ESG ratings are 

calculated for MSCI, RobecoSAM, Sustainalytics, and ISS governance. By plotting the pairwise 

correlation of ESG ratings of all firms in the data sample over the entire period, it is possible to conclude 

whether ESG rating agencies are more in agreement than the ratings examined by Poh (2020). The 
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correlation and the test statistic are used to evaluate the overall agreement of ESG rating agencies of 

firms on the Copenhagen Nasdaq OMX: 

ESG rating 

 MSCI RobecoSAM Sustainalytics 

MSCI 1 0.29*** 0.21*** 

RobecoSAM 0.29*** 1 0.76*** 

Sustainalytics 0.21*** 0.76*** 1 

 

Environmental rating 

 RS SA 

RS 1 0.66*** 

SA 0.66*** 1 

Social rating 

 RS SA 

RS 1 0.43*** 

SA 0.43*** 1 

Governance rating 

 ISS  SA 

ISS  1 0.04 

SA 0.04 1 

Table 3: ***1% significance, **5% significance, *10% significance. 

Table 3 shows that ESG rating agencies mostly agree (ρ > 0.5). Specifically, RobecoSAM and 

Sustainalytics seem to have a high correlation coefficient (ρ) indicating that the evolution of the ESG 

rating between these two rating agencies on the data sample mostly follows one another. Worth noting 

is that MSCI has the lowest correlation based on ESG relative to both RobecoSAM and Sustainalytics. 

The highest correlation score is achieved on the environmental data indicating that firms rating the 

environmental score mostly use the same data and weightings. The lowest score is attained on the 

governance rating. An unexpected finding was that the correlation between ISS governance and 

Sustainalytics is insignificantly different from 0. An insignificant correlation between ISS governance 

and Sustainalytics means that the evolution of the ISS governance relative to the Sustainalytics 

governance score is random. Overall this preliminary analysis gives some evidence of the lack of 

standardisation among ESG ratings. This lack of standardisation can cause biases among asset managers 

since it will be possible to pick an ESG rating that maximizes a portfolio's overall ESG rating. The 

widely different ratings can also confuse investors leading to the less frequent use of the ESG rating in 

a portfolio construction framework. 

6.3 ESG factor model results 

To begin with, the performance of the ESG factor is evaluated using, the risk metrics, performance, and 

firm characteristics of all quintiles of the equal-weighted ESG quintile and factor portfolios. The results 

are summarised in the following table. Furthermore, the table will introduce the different financial 

characteristics that will be used to evaluate and analyse the viability of ESG as a factor in asset pricing 

and as a part of a multifactor portfolio. The alpha and beta will be calculated using the Standard CAPM. 

The t-statistic is reported in the parenthesis 
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ESG 

quantile 

Q1 

(Worst) 
Q2 Q3 Q4 

Q5 

(Best) 
Q5-Q1 

ESG Score 0.61 0.91 1.43 1.99 5.29 
4.68*** 

(59.546) 

Risk Metric 

Total Risk 7.86% 9.29% 8.62% 8.69% 9.46% 7.18% 

Stock-

specific risk 
6.37% 7.39% 7.17% 6.75% 7.84% 7.18% 

Market 

Beta 

0.29** 

(-1.76) 

0.35*** 

(8.34) 

0.30*** 

(7.32) 

0.34*** 

(8.87) 

0.33*** 

(7.45) 

0.04 

(1.08) 

Value-at-

Risk 
-14.46% -15.43% -16.83% -13.79% -9.98% -5.10% 

Expected 

Shortfall 
42.98% 52.45% 46.11% 49.66% 59.13% 47.36% 

Performance 

Annualised 

Return 

-1.52% 

(-0.62) 

-0.15% 

(-0.05) 

-2.66% 

(-0.98) 

0.50 

(0.18) 

5.10%** 

(1.66) 

6.71%*** 

(2.87) 

Sharpe 

Ratio 
-0.19 -0.02 -0.31 0.06 0.54 0.93 

Annualised 

Alpha 

-1.99% 

(-0.93) 

-2.70% 

(-1.16) 

-4.79%** 

(-2.13) 

-1.99% 

(-0.93) 

2.66% 

(1.05) 

6.38%*** 

(2.71) 

Information 

Ratio 
-0.31 -0.37 -0.67 -0.30 0.34 0.89 

Characteristics 

Market Cap 

(B DKK) 

1.82*** 

(17.68) 

15.33*** 

(13.43) 

11.32** 

(12.31) 

11.121*** 

(9.79) 

30.15*** 

(30.24) 

28.37*** 

(27.21) 

Book-to-

Market 

0.84*** 

(50.37) 

0.92*** 

(34.45) 

0.96*** 

(29.63) 

1.12*** 

(26.87) 

0.60*** 

(20.60) 

-0.24*** 

(-8.80) 

Table 4: ***1% significance, **5% significance, *10% significance. 

From Table 4, it is clear that the most profitable and least risky trading strategy is the one selling short 

the worst ESG quintile portfolio and buying long the best ESG quintile portfolio, i.e. the equal-weighted 

ESG factor portfolio. Surprisingly the least risky ESG quintile portfolio, besides the equal-weighted 

ESG factor portfolio, is the worst ESG quintile portfolio. In the worst ESG quintile portfolio, the stock-

specific risk (idiosyncratic risk), the total risk, and the market beta are the lowest. The total risk is the 

volatility (standard deviation) of the excess return series. The stock-specific risk or the idiosyncratic 

risk is the residual standard error in the CAPM regression. The market beta is the average exposure of 
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the portfolio in each ESG quintile to the market movements. Interestingly all market betas are 

significant except the market beta of the best minus the worst ESG quintile portfolio. The p-value of 

the beta measures the probability of obtaining the estimated beta parameter value if the true parameter 

value is zero. If the market beta is insignificantly different from 0, then the returns in this quintile are 

not significantly affected by the movements of the market. The value-at-risk is the percentage of the 

investment that is going to be lost if the worst 5% scenario occurs. The value-at-risk is highest for the 

third quintile portfolio due to both the low annual excess return and medium risk. The worst ESG 

quintile portfolio has the third-highest value-at-risk even though it has the lowest annual total risk. The 

worst ESG quintile portfolio has the third-highest value-at-risk because of the negative annual excess 

return. The lowest and second-lowest value-at-risk is obtained by the best minus worst ESG quintile 

portfolio and the best ESG  portfolio, respectively. The best minus worst ESG quintile portfolio, not 

surprisingly, has the lowest value-at-risk since it has both the lowest total annual risk and highest annual 

excess return. The best quintile ESG portfolio has the second-lowest value-at-risk due to its high annual 

excess return but is negatively affected by its high annual total risk. 

The expected shortfall shows the expected loss given that the worst 5% scenario has occurred. A 

somewhat different trend than the value-at-risk is apparent. The lowest expected shortfall is achieved 

by the worst ESG quintile portfolio, meaning that it has lower tail risks than the other ESG quintile 

portfolios. The second-lowest expected shortfall is obtained by the third ESG quintile portfolio of 

46.11%. This number specifically means that should a tail event occur then the third ESG quintile 

portfolio would be expected to lose 46.11% of its total value. The best ESG quintile portfolio has the 

highest expected shortfall due to its high annual risk. It is expected to lose 59.13% of its value if a tail 

event occurs. The best minus worst ESG quintile portfolio has the third-lowest expected shortfall at a 

value of 47.36%, meaning that should a tail event occur then the best minus worst ESG quintile portfolio 

would stand to lose 47.36%. The best portfolio both in terms of value-at-risk and expected shortfall 

does seem to be the best minus worst ESG quintile portfolio. Overall there seems to be a tendency for 

the total risk, stock-specific risk, and the market beta to increase as the ESG improves. From the risk 

metric, it can be concluded that the lowest risk is obtained from the best minus worst ESG quintile. The 

movements of this ESG quintile portfolio cannot, in any part, be significantly explained by the 

movements of the market. The worst ESG quintile portfolio has the lowest tail risk. The best portfolio 

based on value-at-risk and the expected shortfall is the best minus worst ESG quintile portfolio. The 

results are somewhat surprising as one would expect the firm with the highest ESG to have the lowest 

risk since a high ESG would mean better management of environmental, social, and governance 

exposures. The unexpected results can be caused by the inconsistent data or the low level of industry 

diversification. 

Furthermore, from Table 4, different performance metrics are provided for all the ESG quintile 

portfolios, including the best minus worst quintile portfolio. The same tendency as with the risk metrics 
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appears. The higher ESG quintile portfolios have the highest returns. The highest return is obtained by 

the best minus worst ESG quintile portfolio, and the best ESG quintile portfolio has the second-highest 

return. The only significant returns are also obtained by the best minus worst ESG quintile portfolio 

and the best ESG quintile portfolio. The most interesting performance metrics are the Sharpe ratio and 

the information ratio. The Sharpe ratio describes the excess return relative to the total risk of an asset. 

Therefore, a higher Sharpe ratio either means lower risk at the same return level or higher return at the 

same risk level. The highest Sharpe ratio is obtained by the best minus worst ESG quintile portfolio, 

which has a Sharpe ratio of 0.93. The best ESG quintile portfolio obtains the second-highest Sharpe 

ratio. The remaining Sharpe ratios are either zero or negative. The results in Table 4 of the performance 

of the quintile portfolios are as expected, given the higher risk. Stocks with higher risk are expected to 

have a higher risk premium to compensate for the added risk. Furthermore, the results agree with 89% 

of the papers examined by Fulton (2013), showing a positive correlation between ESG and market-

based financial outperformance. 

Before explaining the information ratio, it is necessary to interpret the result of the alphas from the 

CAPM regression. The alpha is the excess return not explained by the market excess return. For the 

best minus the worst ESG quintile, the alpha is the excess return on a zero-investment strategy that buys 

the highest ESG quintile portfolio and sells short the lowest ESG quintile portfolio. The information 

ratio is the annualised idiosyncratic risk - alpha reward ratio. Similar to the Sharpe ratio, the information 

ratio is highest for the best minus worst ESG quintile portfolio and second-highest for the best ESG 

quintile portfolio. This is both because of high alphas and low idiosyncratic risk. Generally, the best 

performing ESG quintile portfolio is the best minus worst ESG quintile portfolio with the performance 

decreasing as the ESG decreases. The worst performance is obtained by the third ESG quintile portfolio, 

seemingly indicating that investors do not reward firms unless they are the best within ESG. This result 

is similar to the results of Bolton and Kacperczyk (2019), who find that being best in class with respect 

to scope 3 emissions yield an abnormal return. The performance of the best minus worst, best and worst 

portfolio can be illustrated by plotting the cumulative return over the entire period, 2010-2020 (cf. 

Figure 4). 
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Figure 4 

From Figure 4, the outperformance of the best (red) and best minus worse (green) relative to the worse 

ESG quintile portfolio (blue) becomes apparent. It is also clear that high ESG portfolios performed best 

between 2016-2017. Figure 4 shows how much an investment would have grown to if the investment 

had been made on January 31st, 2010. If for example, investment had been made in the best minus worst 

ESG factor portfolio, then the investment would have grown to 174.05% of the original investment, 

thereby yielding an excess return of 74.05% over ten years. 

Finally, in Table 4, the firm characteristics for each ESG quintile portfolio are reported. The firm 

characteristics will help us understand the average type of firm operating within each quintile. 

Generally, the firm size (Market Cap) increases as the ESG increases. The growth potential of firms 

(Book-to-Market ratio) seems to be highest around the middle ESG quintile and lower in both ends of 

the ESG scale. The size and growth seem to indicate that the average high ESG firm is Large-Cap, value 

firms. The reason the average high ESG firm is a Large-Cap, value firm can be due to the high amount 

of liquidity available in large, value firms ready to be spent on ESG management. Conclusively, the 

best minus worst ESG quintile portfolio which constitutes the ESG factor, seems to outperform all other 

ESG quintiles, both in term of risk and performance, indicating that there is a significant potential in 

ESG factor investing. This provides evidence in favour of the implementation of an ESG factor in 

multifactor portfolios since the ESG factor outperforms an ESG tilted portfolio. 

Similar to Figure 3, it is also possible to examine the ability of the constructed ESG score to cover all 

three market cap segments. The difference between rated firms and non-rated firms is plotted in Figure 

5 below. 
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Figure 5 

Figure 5 shows the ability of the ESG score to rate all the listed firms on the Copenhagen Nasdaq OMX. 

In contrast to Figure 3, it is clear that the constructed ESG score is superior in terms of its ability to rate 

the ESG profile of SMEs relative to the ESG ratings of RobecoSAM, Sustainalytics or MSCI. The most 

substantial discrepancy between rated and not rated firms is for Small-Cap, but this is, however, 

understandable as the legislative accounting and auditing requirements are lower for Small-Cap firms 

than for Large-Cap firms. 

The following table, Table 5, reports the regression of different factor models on excess stock returns. 

The table shows the regression using the standard CAPM (1), the standard CAPM and an ESG factor 

(2), the Fama-French 3-factor model and an ESG factor (3), the Fama-French 5-factor model and an 

ESG factor (4), the Carhart model including an ESG factor (5), the Fama-French 5-factor model 

including a momentum factor and an ESG factor (6). The adjusted R-squared and the number of 

observations are reported for each regression. The t-statistic is reported in the parenthesis. 

Panel A: Explaining cross-section of stock returns using value-weighted factor portfolios 

 (1) (2) (3) (4) (5) (6) 

Factors Monthly excess return 

Alpha 1.03%*** 

(3.98) 

1.03%*** 

(4.01) 

0.87%*** 

(3.4) 

0.92%*** 

(3.4) 

0.69%*** 

(2.56) 

0.74%*** 

(2.66) 

RMRF 0.43*** 

(7.75) 

0.42*** 

(7.73) 

0.51*** 

(8.36) 

0.50*** 

(7.59) 

0.53*** 

(8.69) 

0.51*** 

(7.87) 

SMB 
  

0.08 

(0.52) 

0.06 

(0.36) 

0.08 

(0.497) 

0.04 

(0.82) 

HML   -0.36*** -0.38* -0.27 -0.25 
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(-2.88) (-1.66) (-0.2036) (0.28) 

RMW 
   

-0.13 

(-0.46) 
 

-0.20 

(-1.08) 

CMA 
   

-0.16 

(-0.55) 
 

-0.32 

(-1.08) 

WML 
    

0.20** 

(2.05) 

0.24** 

(2.30) 

ESG 
 

0.09 

(1.526) 

0.07 

(1.22) 

0.07 

(1.16) 

0.07 

(1.21) 

0.06 

(1.13) 

R2-adj 0.33*** 

(60.05) 

0.34*** 

(31.52) 

0.37*** 

(18.79) 

0.36*** 

(12.45) 

0.39*** 

(16.29) 

0.39*** 

(11.82) 

Table 5: ***1% significance, **5% significance, *10% significance. 

In Table 5, the results of the regression of different factor models are reported. The first regression (1) 

serves as a benchmark to evaluate the gain in accuracy for decomposing stock returns. The results from 

the first regression (1) show a significant monthly alpha of 1.03% which means that not all the stock 

return is explained by the market, a beta of 0.43 meaning that average stock exposure to the market is 

0.43, and an adjusted R2 of 0.33 meaning that 33% of the variance of the stock returns is explained by 

the variance of the market factor return. This result is significant and, as stated earlier, will serve as a 

baseline for the rest of the analysis. 

The second regression (2) is the CAPM with an ESG factor added. The second regression yields an 

alpha similar to the previous regression, a slightly smaller yet still significant beta of 0.42. The ESG 

factor is insignificant at a value of 0.09. An insignificant ESG value of 0.09 means that the ESG factor 

adds very little explanatory value to the asset pricing model. The low explanatory power of the ESG 

factor is confirmed by the adjusted R2, which only increases slightly from 0.33 to 0.34. 

The third regression (3) is the Fama-French 3-factor-model with an ESG factor added. The monthly 

alpha is still significant and decreased to 0.87%, indicating that the explanatory power of the asset 

pricing model has increased. The ESG factor has decreased in size and significance, meaning that it 

now contributed with even less explanatory power. The adjusted R2 has increased, but this is mostly 

due to the added HML factor, which is significant at -0.36. 

The fourth (4) regression is the Fama-French 5-factor-model with an added ESG factor. Surprisingly, 

even though two more factors are added relative to the third regression (3), the alpha increases, and the 

adjusted R2 decreases. These results mean that the explanatory power of this asset pricing model relative 

to the last asset pricing model has decreased. The ESG factor remains at 0.07 and is still insignificant. 

The significance of the growth factor (HML) has decreased meaning that much of the explanatory power 

of the growth factor is captured by the profitability (RMW) and investment (CMA) factor. 
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The fifth (5) regression is the Carhart model which is the Fama-French 3-factor model with a 

momentum factor added. To this model, the ESG factor is added as an explanatory variable. The alpha 

is the lowest when using this regression, indicating an improvement in the decomposition of the stock 

returns. The increase in the explanatory power is confirmed by the adjusted R2, which is at its highest. 

The high level of explanatory power can be explained by the addition of a new factor which adds 

significant explanatory power, the momentum factor. The ESG factor is at the same level as for the two 

previous regressions and remains insignificant. The removal of factors that do not add explanatory 

power also contributes to a better and more parsimonious model. 

The last regression (6) is the Fama-French 5-factor model, but with an ESG factor and a momentum 

factor added. The alpha of this regression increases compared to the fifth regression most likely due to 

the inclusion of factors that do not add explanatory value, indicating a worse fit than the fifth (5) 

regression. The only significant factors in this regression are the market factor and the momentum 

factor. All other factors are insignificant. The adjusted R2 is 0.39, which is the same as in the fifth (5) 

regression. The best model based on this analysis is, therefore, the Carhart model. However, only minor 

improvements in the adjusted R2 occur relative to the baseline (1) regression. In all regressions, the 

alpha is significantly non-zero, indicating that the model is never able to completely explain the cross-

section of returns of the stocks on the Copenhagen Nasdaq OMX. The ESG factor is never significant, 

and therefore there is no evidence that an ESG factor is currently priced into Danish listed firms on the 

Copenhagen Nasdaq OMX. The fact that the ESG factor is never significant speaks against the third 

part of the research question and indicates that the ESG factor is currently not priced into firms on the 

Copenhagen Nasdaq OMX. 

Although ESG might not provide explanatory power in the decomposition of stock returns, it is still 

relevant to examine whether the other factors, market, size, growth, etc. can explain the cross-sectional 

return of the ESG factor. If this is the case, then the current factors overlap with the ESG factor, and the 

ESG factor is therefore redundant. To test this the following table, Table 6, reports the decomposition 

of high-E, S, G, and ESG minus low- E, S, G, and ESG quintile portfolios using asset pricing models. 

Specifically, each month, stocks are sorted into portfolios based on their E, S, G, and ESG scores. The 

excess factor return is then computed each month as the top quintile firms with the best ESG score 

minus the bottom quintile firms with the worst ESG score. The excess factor return is then annualised 

as described in Eq. 38. In Panel A, the factor return is calculated using equal-weighting, and in Panel 

B, the stock return is calculating using value-weighting. The table shows the excess monthly return and 

the regression of the E, S, G, and ESG factor returns on the CAPM alpha, the three-factor model alpha, 

that also controls for size and value, the five-factor model alpha that further controls for profitability 

and investment, the Carhart alpha, and the six-factor model which adds a momentum factor. The t-

statistic is reported in the parenthesis. 



ESG Factor Investing  Peter Højsteen-Ljungbeck 

53 

 

 E-Factor S-Factor G-Factor ESG-Factor MSCI ESG 

Annualised return/alpha Panel A: Equal-weighted excess returns 

Excess return 
2.01% 

(0.42) 

8.35%** 

(2.03) 

-1.94% 

(-0.87) 

6.71%*** 

(2.87) 

6.78%** 

(1.74) 

CAPM Alpha 
2.98% 

(0.61) 

8.79%** 

(2.12) 

-1.92% 

(-0.86) 

5.19%** 

(2.18) 

7.24%** 

(1.84) 

Three-factor (FF) alpha 
2.20% 

(0.44) 

7.75%** 

(1.84) 

-1.33% 

(-0.58) 

4.07%** 

(1.70) 

6.42%* 

(1.62) 

Five-factor (FF) alpha  
4.15% 

(0.80) 

10.48%*** 

(2.39) 

-0.85% 

(-0.35) 

4.47%** 

(1.76) 

6.67%* 

(1.59) 

Carhart-factor alpha 
0.50% 

(0.10) 

7.68%** 

(1.71) 

-1.23% 

(-0.50) 

3.80%* 

(1.49) 

3.73% 

(0.90) 

Six-factor (FF+WML) alpha 
1.57% 

(0.29) 

9.53%** 

(2.08) 

-0.68% 

(-0.27) 

4.09%* 

(1.54) 

4.07% 

(0.95) 

 Panel B: Value-weighted excess returns 
 

Excess return 
0.61% 

(0.09) 

3.67% 

(0.55) 

-6.22% 

(-1.06) 

0.08% 

(0.02) 

9.28%** 

(2.07) 

CAPM Alpha 
2.06% 

(0.32) 

2.98% 

(0.44) 

-7.41% 

(-1.27) 

-0.17% 

(-0.03) 

9.30%** 

(2.05) 

Three-factor (FF) alpha 
1.93% 

(0.29) 

1.72% 

(0.26) 

-5.97% 

(-1.00) 

-0.41% 

(-0.08) 

7.66%** 

(1.74) 

Five-factor (FF) alpha  
4.05% 

(0.58) 

5.40% 

(0.76) 

-5.51% 

(-0.87) 

1.07% 

(0.20) 

7.49%* 

(1.61) 

Carhart-factor alpha 
-0.17% 

(-0.02) 

0.85% 

(0.12) 

-2.73% 

(-0.43) 

-0.61% 

(-0.11) 

5.04% 

(1.10) 

Six-factor (FF+WML) alpha 
1.94% 

(0.27) 

3.73% 

(0.50) 

-2.38% 

(-0.36) 

0.69% 

(0.12) 

5.03% 

(1.05) 

Table 6: ***1% significance, **5% significance, *10% significance. 

In Table 6, The return decomposition is analysed in a standard portfolio framework. Stocks are sorted 

into E, S, G, and ESG quintiles each month and then a portfolio is created that buys long the top quintile 

of E, S, G, and ESG stocks and sells short the worst quintile of E, S, G, and ESG stocks. The table is 

created using the environmental, social, governance, ESG, and MSCI ESG factor portfolios. Table 6 

presents the resulting performance, for equal-weighted and value-weighted portfolios while controlling 

for the same five asset pricing models as used in Table 5. 

The results show that of the four constructed ESG proxies, only the equal-weighted social and ESG 

factor portfolios have significant excess returns at 8.35% and 6.75% a year, respectively. The return of 
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the social and ESG equal-weighted factor portfolios are also not significantly explained by conventional 

asset pricing models at 7.68% and 3.80% a year, respectively, after controlling using the Carhart model. 

The results using the equal-weighted factor portfolios are not reflected in the value-weighted factor 

portfolios. The difference between the results of the equal-weighted and value-weighted portfolios 

indicate a low level of diversification, possibly driven by the presence of large firms such as Novo 

Nordisk leading to more idiosyncratic return movements. The performance of the value-weighted ESG 

factor portfolios is plotted in Figure 6. Figure 6 shows the cumulative performance of the top (red), 

bottom quintile (blue), and the ESG factor portfolio (green) of the ESG value-weighted portfolio over 

the sample period normalised around 100%.  From Figure 6, it is clear that the low performance of the 

value-weighted ESG factor portfolio is caused by a similar performance of both the top and bottom 

quintile of the value-weighted ESG quintile portfolios. 

In the environmental factor portfolio, there is no evidence of significant excess returns. Over the sample 

period, less carbon-intense companies seem to outperform relative to more carbon intense companies 

but not significantly at any level. The results in Table 6 are similar to those of Bolton and Kacperczyk 

(2019), who also find a carbon premium when examining environmental returns, but similar to the 

results in this analysis, find that the carbon premium disappears when adding controlling factors, such 

as industry, size, or growth. 

 

Figure 6 

Unlike most other similar papers, this analysis does not find a significant excess return of the chosen 

governance score proxy, accruals. Instead, the results find an insignificant negative excess return in 

both the equal-weighted and the value-weighted portfolio. The value-weighted governance portfolio is 

-6.22%, which, although rather large, is insignificant at even a 10% significance level. The equal-

weighted governance portfolio is -1.94%, which is also insignificant. Pedersen et al. (2019) find that 
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accruals strongly correlate with returns and the results of this thesis, therefore, contradicts current 

literature. 

The MSCI equal-weighted factor portfolio and value-weighted factor portfolio both have a significant 

excess return of 6.78% and 9.28%, respectively. These results are significant at a 5% level. The 

performance of the value-weighted MSCI ESG factor portfolio is shown in Figure 7. Figure 7 shows 

the cumulative performance of the top (green), bottom (blue) quintile, and the MSCI factor portfolio 

(red) over the sample period normalised around 100%. The return does not change until 2015, which is 

when MSCI started reporting ESG scores. Conventional asset pricing models do not explain the return 

of both the value-weighted and the equal-weighted factor portfolios until a momentum factor is added. 

The inability of conventional asset pricing models without the momentum factor to explain the cross-

section of returns for firms sorted on MSCI ESG indicate that the momentum factor mostly explains 

the return of MSCI ESG. The same trend is apparent in the other constructed ESG factors. In the equal-

weighted ESG factor portfolio, the significance decreases from being significant at a 5% level to being 

significant at a 10% level when adding a momentum factor to the three factors of Fama and French. 

 

Figure 7 

Conclusively, the results of Table 6 seem to indicate that the constructed social factor drives the returns 

of the constructed ESG factor. The environmental and the governance index does not contain significant 

excess returns and, therefore, do not seem to add much to the excess return of the ESG. Furthermore, 

the significance of the returns of both the constructed ESG factor and the MSCI ESG factor can be 

decreased by controlling for momentum. The loss of significance when controlling for momentum 

indicates that the returns of ESG factors can at least in part, be explained by momentum. If an ESG 

factor is implemented with a momentum factor into a multifactor portfolio, there might be an overlap 
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and high correlation between factors. This will lead to lower levels of diversification, and higher tail 

risks increasing the overall riskiness of a multi-factor portfolio. 

In the next table, Table 7, the risk of the stocks on the Copenhagen Nasdaq OMX is decomposed and 

predicted. The risk metrics which will be decomposed and predicted consist of, total risk (1), stock-

specific risk (2), and the beta (3). The risk will be predicted using the environmental score, social score, 

governance score, log market cap, and the book-to-market ratio as explanatory variables. The purpose 

of this decomposition and prediction is to examine in what way the environmental, social, and 

governance score predicts the overall riskiness of the stocks on the Copenhagen Nasdaq OMX. Recent 

research has found a significant correlation between risk and social and governance scores and the same 

pattern should, therefore, be present in this analysis. From Table 4, it became apparent that smaller 

growth stocks tend to have poorer ESG scores. Smaller growth stocks tend to have a higher risk and 

higher betas than large stocks do. Therefore, the relationship between ESG and risk might be caused 

indirectly by firm size, growth, or another firm characteristic. Therefore, the following regression 

accounts for a firm’s characteristics and quality profile. Various risk measures are used as dependent 

variables and the environmental, social and governance score as key explanatory variables to estimate 

the regression in Eq. 49. The regressions and betas are calculated monthly based on the excess return 

and market return for the last four months. To measure the fit of the regression, the adjusted R2 will be 

used. The test statistics will be given in the parenthesis. 

Dependent variable: 
(1) 

Total risk 

(2) 

Stock-specific risk 

(3) 

Beta 

Environmental 
0.000 

(0.162) 

0.000 

(-0.368) 

-0.029* 

(-1.395) 

Social 
-0.002*** 

(-4.190) 

-0.002*** 

(-3.843) 

-0.002 

(-0.106) 

Governance 
0.001** 

(1.859) 

0.000 

(0.163) 

-0.032 

(-1.195) 

Log market cap 
-0.002*** 

(-3.819) 

-0.003*** 

(-4.164) 

0.085*** 

(3.190) 

Book-to-market 
0.007*** 

(4.399) 

0.003* 

(1.528) 

0.103 

(1.277) 

Observations 1432 1432 1432 

R2-adj 0.037 0.022 0.006 

Table 7 ***1% significance, **5% significance, *10% significance. 

In Table 7 the total risk, stock-specific risk, and the beta are regressed on the individual E, S, and G 

scores and the two traditional firm characteristics, size, and growth, as explanatory variables. The total 
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risk is significantly affected by the social and governance scores at a 1% and 5% significance level, 

respectively. The social score predicts a decrease in the monthly risk by 0.2%, whereas the governance 

score predicts an increase in the total risk of 0.1% each month. The log market cap and book-to-market 

do also, not surprisingly, affect the total risk of a stock. The effects are as expected. Smaller firms have 

higher total risk than larger firms, and growth firms have a higher risk than value firms. Both the log 

market cap and the book-to-market ratio is significant at a 1% level in explaining the total risk of firms. 

In line with Dunn et al. (2018) across the three dimensions of ESG, the social and governance score 

show the strongest correlation to risk. The environmental score is insignificant related to both total risk 

and stock-specific risk. The insignificance of the environmental score can be explained for one of two 

reasons. Either it may be that the environmental risk exposures are inherently less predictive of firms’ 

risks. Otherwise, the data on environmental risk exposure may be noisier than data on the social and 

governance score preventing the regressions from delivering more accurate, statistically significant 

estimates. The adjusted R2 indicates that only a small part of the overall variance, 3.7%, of the firms’ 

total risk is explained by the variance of the explanatory variables, and adding more explanatory 

variables might improve the fit. 

The stock-specific (idiosyncratic) risk is significantly affected by the social score at a 1% significance 

level. The social score predicts a decrease in the monthly stock-specific risk by 0.2%. Similar to the 

results of the total risk, both the log market cap and the book-to-market significantly affect the stock-

specific risk at 1% and 10% significance level, respectively. The effect of the market cap and the book-

to-market ratio is not surprising. Large, value firms have lower stock-specific risk than smaller, growth 

firms. The governance score and the environmental score do both not significantly affect the stock-

specific risk. The adjusted R2 indicates that only a small part of the overall variance, 2.2%, of the firms’ 

stock-specific risk is explained by the variance of the explanatory variables, and adding more 

explanatory variables might improve the fit. The average idiosyncratic risk and total risk over the 

sample period are plotted in Figure 8. Figure 8 shows how the average monthly risk of the firms in the 

data sample evolves from 2010-2020.  
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Figure 8 

The beta is significantly affected by the environmental score and the log market cap at a 10% and 1% 

significance level, respectively. The environmental score predicts a 0.03 decrease in the beta. Not 

surprisingly, the results of Table 7 show that larger firms have higher betas and that the size significantly 

affects the beta at a 1% significance level. Neither the social, governance, or book-to-market ratio 

significantly affects the beta in any way. The adjusted R2 indicates that only a small part of the overall 

variance, 0.6%, of the firms’ beta is explained by the variance of the explanatory variables, and adding 

more explanatory variables might improve the fit. The average beta over the sample period is plotted in 

Figure 9. Figure 9 shows how the average beta of the firms in the data sample evolves from 2010-2020.  

 

Figure 9 
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Conclusively, the risk decomposition in Table 7 shows that the risk of firms can be predicted using, 

mainly, the social score of a firm but also the governance score provides explanatory power. The results 

are in line with the findings of Dunn et al. (2018). Dunn et al. (2018) find a strong correlation between 

risk and the social and governance score of firms as estimated using the MSCI ESG scores. The social 

score significantly predicts a negative effect on the total risk and stock-specific risk. The governance 

score significantly predicts a positive effect on the total risk. The environmental score significantly 

predicts a negative effect on the beta. The low predictive power of environmental scores can be caused 

by either an inherently less predictive power of firms’ risks or that data on environmental exposure is 

noisier than social or governance data. These events would prevent the regression from yielding 

accurate and significant estimates. 

The firm characteristics offer no surprising results. Large, value firms predict lower total risk and 

idiosyncratic risk and higher future betas. Small, growth firms predict higher future total risk and 

idiosyncratic risk and lower future betas. The adjusted R2 indicates that only a small part of the overall 

variance of the firms’ total risk is explained by the variance of the explanatory variables. Adding more 

firm characteristics as explanatory variables to the regression might improve the fit. 

5.4 Section conclusion 

The analysis has provided evidence of the performance and risk of stocks in different ESG quintiles, 

the ability of an ESG factor portfolio to explain stock returns in combination with different asset pricing 

models, the ability of asset pricing models to explain ESG factor returns, and the ability of E, S, and G 

components of the ESG score and other control variables to predict increases or decreases in beta, 

idiosyncratic risk, and total risk. 

The ESG rating is solely based on available data making it possible for any investor to construct the 

same ESG rating using the same methodology as explained in this paper. However, from the descriptive 

statistics in Table 2, it becomes apparent that there seems to be a low level of consistency and 

standardization in ESG relevant data leading to a low number of observations and high levels of 

standard deviations. This makes the use of ESG ratings problematic in a portfolio construction 

framework. If the data that the ESG ratings is based on has a low number of observations and high 

standard deviation, then the ESG factor will have little diversification allowing for idiosyncratic 

movements to become dominant. Therefore, to increase the quality and most likely also the use of ESG 

for investing purposes, the reporting and standardisation of ESG relevant data should be increased. 

Overall the correlation matrix between ESG ratings gives some evidence of the lack of standardisation 

among ESG ratings. This lack of standardisation can cause biases among asset managers since it will 

be possible to pick an ESG rating that maximizes its portfolio's overall ESG rating. The widely different 

ratings can also confuse investors leading to the less frequent use of the ESG rating in a portfolio 

construction framework. 
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Generally, the best performing ESG quintile is the best minus worst ESG quintile with performance 

decreasing as the ESG score decreases. The worst performance is obtained by the third ESG quintile 

showing that investors do not reward firms unless they are among the best within ESG. This result is 

similar to the results of Bolton and Kacperczyk (2019) who find that being best in class with respect to 

scope 3 emissions yield an abnormal return. The total risk, stock-specific risk, and market beta increases 

as the ESG score improves. From the risk metric, it can be concluded that the lowest risk is obtained 

from the best minus worst ESG quintile and the movements of this ESG quintile cannot be in any part 

significantly be explained by the movements of the market. The lowest tail risk is obtained by the worst 

ESG quintile portfolio. The best portfolio based on value-at-risk and the expected shortfall is the best 

minus worst ESG quintile portfolio. The highest Sharpe ratio is obtained by the best minus worst ESG 

quintile, which has a Sharpe ratio of 0.93. The best ESG quintile obtains the second-highest Sharpe 

ratio. The other ESG quintiles have either zero or negative Sharpe ratios. Similar to the Sharpe ratio, 

the information ratio is highest for the best minus worst ESG quintile and second-highest for the best 

ESG quintile. This provides evidence in favour of the use of an ESG factor, i.e. a best minus worst ESG 

quintile portfolio, in multifactor portfolios since ESG correlates with better performance. 

When using the ESG factor in combination with asset pricing models to explain the cross-section of 

returns of stocks on the Copenhagen Nasdaq OMX, the ESG factor is never significant. In all 

regressions, the alpha is significantly non-zero, indicating that the asset pricing models are never able 

to completely explain the cross-section of returns of the stocks on the Copenhagen Nasdaq OMX. There 

is, therefore, no evidence that an ESG factor is currently priced into listed firms on the Copenhagen 

Nasdaq OMX.  

The analysis of the ability of asset pricing models to explain the returns of the ESG factor shows that 

the constructed social factor drives the returns of the constructed ESG factor. The environmental and 

governance factor do not contain significant excess returns and, therefore, do not seem to add much to 

the excess return of the ESG. The results are similar to those of Bolton and Kacperczyk (2019), who 

also find a carbon premium when examining environmental returns but, similar to the results in this 

analysis, find that the carbon premium disappears when adding controlling factors. Surprisingly this 

analysis does not find a significant excess return of the chosen governance score proxy, accruals. 

Instead, the results find an insignificant negative excess return in both the equal-weighted and the value-

weighted portfolio. Pedersen et al. (2019) find that accruals strongly correlate with returns and the 

results of this thesis, therefore, contradicts current literature. The significance of the returns of both the 

constructed ESG factor and the MSCI ESG factor can be decreased by controlling for momentum. The 

loss of significance when controlling for momentum indicates that the returns of ESG factors can at 

least in part, be explained by momentum. If an ESG factor is implemented with a momentum factor 

into a multifactor portfolio, there might be an overlap and high correlation between factors. This will 
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lead to lower levels of diversification, and higher tail risks increasing the overall riskiness of a multi-

factor portfolio. 

The risk decomposition shows that the risk of firms can be predicted using, mainly, the social score of 

a firm, but also the governance score provides predictive power. These results are in line with the 

findings of Dunn et al. (2018). Dunn et al. (2018) find a strong correlation between risk and the social 

and the governance score of firms using the MSCI E, S, and G scores. The social score significantly 

predicts a negative effect on the total risk and stock-specific risk. The governance score significantly 

predicts a positive effect on the total risk. The environmental score significantly predicts a negative 

effect on the beta. The low predictive power of environmental scores can be caused by either an 

inherently less predictive power of firms’ risks or that data on environmental risk exposure is noisier 

than social or governance risk data. These events would prevent the regression from yielding accurate 

and significant estimates.  
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7. Discussion 

The results from the analysis showed evidence both supporting and disputing the findings of current 

literature. Therefore, it is necessary to evaluate the robustness of the results, as well as, how the results 

of the analysis can be used to improve the use and reporting of ESG ratings and ESG relevant data. The 

next section will evaluate the robustness of the results, explain how greenwashing is currently 

threatening the viability of  ESG investing, and finally describe how to implement and improve ESG 

auditing and reporting. 

7.1 Robustness of results 

The results in the analysis are, as stated in the section conclusion, based on a low amount of observations 

with high levels of standard deviations. This indicates a low level of consistency and standardisation in 

ESG ratings and ESG relevant data. It is, therefore, necessary to evaluate the robustness of the results 

and whether the constructed ESG rating developed in the methodology and examined in the analysis is 

robust enough to be used by asset managers in a multi-factor portfolio. 

A consequence of the low amount of ESG relevant data was the necessary assumption that the last 

known data was carried forth until new data became available. This assumption was made to populate 

the data sample with enough data to be able to complete the analysis. The ESG factor is based on a 

combination of data on greenhouse emissions and accounting data from the annual or quarterly report. 

This data is only updated at a quarterly or yearly frequency. It is, therefore, necessary to fill out all data 

points between the release of the annual or quarterly report. The analysis is based on monthly returns, 

and therefore a lot of empty data points need to be filled out. Most ESG rating agencies only update 

their ratings quarterly or yearly due to the limited access to relevant data. MSCI only provides a yearly 

ESG rating. This assumption does, however, introduce biases into the analysis. Due to the low frequency 

of data, some of the analysis might be based on outdated data which would make the ESG rating less 

relevant. The ESG rating will not capture any changes between the quarterly or annual report. Therefore, 

any decisions based on the ESG rating might be made using wrong or outdated information. This would 

mean that any explanatory or predictive power of the ESG rating relative to the return and the risk 

would be diminished. 

The first result was the evaluation of the different quintile portfolios. The results showed strong 

evidence in favour of the performance of firms in the highest ESG quintile. The results were, however, 

based on a few observations. The quintile portfolios were at times, due to the low availability of ESG 

relevant data, based on the performance of one firm. The environmental factor portfolios are at their 

lowest once, with the performance of the factor portfolios being based on the performance of three 

firms. The social factor portfolios are at their lowest five times during the examined period. At its 

lowest, the social factor portfolios are based on the performance of one firm. The governance factor 

portfolios reach their lowest number of firms in the portfolio once, with the performance of the factor 
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portfolios being based on the performance of one firm. The ESG factor portfolios are at its lowest firm 

count once, with the number of firms in the factor portfolio being three. A low number of firms in the 

factor portfolios means that the factor portfolios have little to no diversification. This allows for 

idiosyncratic movements to be dominant and the performance of the factor portfolios might, therefore, 

not be a result of the environmental, social, governance, or ESG dimension, but instead, be driven by 

the performance of a single firm. The same is true with the value-weighted factor portfolios. If a firm 

far outweighs the other firms in terms of market capitalisation, then the portfolio will not be very well-

diversified. This means that the factor portfolios to a larger extent than the equal-weighted portfolios 

run the risk of being driven by the movements of a single large firm. The equal-weighted factor 

portfolios are not necessarily a solution to this problem. Smaller firms tend to have larger idiosyncratic 

risk. By giving more weights to Small-Cap firms, the factor portfolios might not capture the effect of 

the ESG but instead capture the alpha effect of small firms. Overall, the quintile and factor portfolios 

should be well-diversified enough to allow the factor portfolios not to be dominated by idiosyncratic 

movements. The factor and quintile portfolios in the analysis are not very well-diversified, allowing the 

performance metrics identified in the analysis to be caused by effects other than the ESG. To improve 

the results, a larger data sample should be used. A larger data sample would allow for both a better 

industry and overall diversification. 

Secondly, the risk decomposition of the ESG factor showed strong evidence of the predictive power of, 

mainly, the social score of a firm, but also the governance score provides predictive power. The social 

score significantly predicts a negative effect on the total risk and stock-specific risk. The governance 

score significantly predicts a positive effect on the total risk. The environmental score significantly 

predicts a negative effect on the beta. The regression used to estimate these effects were explained in 

Eq. 49. The overall regression had a very low adjusted R2. This showed that the variance of the ESG 

and the added control variables only explained a minimal amount of the variance of the total risk, stock-

specific risk, and the beta. This means that there is a risk of omitted variable bias. Based on the adjusted 

R2, the explanatory variables do not fully predict the risk. This means that one or more relevant 

explanatory variables are not included in the model. Had these variables been included then the ESG 

scores might not have yielded significant results. This does, however, not mean that random explanatory 

variables should be added in the hopes of increasing the fit of the model. Adding too many explanatory 

variables to a regression might cause the model to overfit the data. Overfitting the model means that 

explanatory variables have been chosen and added to the model since they added explanatory value to 

the in-sample data estimation. However, when testing using out-of-sample data, the model fails to 

deliver reliable results. When building a regression model, a balance has to be maintained between 

omitted variable bias and overfitting the model. Usually, the most parsimonious model is preferred. 

Overall the robustness of the analysis is limited by the low amount of observations with high levels of 

standard deviations and the industry diversification of the data sample. The low frequency and 
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consistency of ESG data specifically lead to low levels of diversification. The low levels of 

diversification allow the factor and quintile portfolios to be driven by idiosyncratic factors and not by 

ESG factors. This means that it is not possible to definitively conclude whether the ESG factor is viable 

for investors and asset managers, although the results suggest so. The results do provide evidence that 

the ESG factors quantify part of the risk that a firm on the Copenhagen Nasdaq OMX has been facing 

from 2010-2020. This result is, however, also limited by the data quality issues discussed above. The 

evidence, although weakened by the data quality and robustness issues, points to ESG being viable for 

multifactor portfolio investing and having the ability to quantify part of the risk of firms on the 

Copenhagen Nasdaq OMX from 2010-2020. 

7.2 Greenwashing 

Greenwashing is currently one of the biggest threats to the reliability and quality of ESG reporting. ESG 

data provided is often unaudited. If ESG information disclosed by firms is perceived as not reliable due 

to greenwashing, then it can be hindering the integration of ESG factors into investment decisions and 

portfolio construction frameworks. The current challenges of ESG in regard to greenwashing are that 

supplemental ESG data reports are unaudited, there is no standardisation in the disclosure of ESG data, 

and currently, no governing authority ensures the accuracy of the disclosed ESG information. 

Greenwashing is often not based on false claims but instead, fails to present the full picture. The use of 

the term greenwashing is often vague, and the definition is blurry. Lyon and Maxwell (2011) define 

greenwashing as (Lyon & Maxwell, 2011, p. 6): 

“Selective disclosure of positive information about a company’s environmental or social performance, 

without full disclosure of negative information on these dimensions.” 

At the beginning of March 2019, the European Parliament adopted the first set of rules under the 

Sustainable Finance Action Plan. The Sustainable Finance Action Plan requires asset managers to use 

a common reporting standard to communicate their perspective on ESG and to prevent greenwashing. 

The implementation of the Sustainable Finance Action plan led to a sharp decrease in the amount of 

sustainable assets values already in 2018, due to the anticipated stricter reporting standard and 

definitions (2018 Global Sustainable Investment Review, 2018). This shows both the risk of 

greenwashing and an early sign of consolidation in the sustainable asset management industry. As the 

reporting standard and sustainable definitions change, due to legislative change, the value of sustainable 

funds will change. 

The recent increase in greenwashing has been driven by the consumer demand for firms to perform 

better in ESG dimensions and supplement their financial reports with ESG data. As the use of ESG 

ratings increases the incentive of firms to use greenwashing becomes stronger. Firms with low ESG 

scores tend to have a higher cost of capital which decreases their valuation (Giese et al., 2019). 

Therefore, if firms can increase their ESG rating using greenwashing, they will also be able to affect 
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the value of their firm positively. There is, therefore, a need for countermeasures towards greenwashing 

as the incentives for the use of greenwashing already exist. 

The lack of transparency on the methodologies of rating agencies makes it harder to compare the 

sustainability of different firms. This is also a contributing factor to the risk of greenwashing. As 

investors cannot get a clear view of a firm’s true sustainability, most investors rely on ESG rating 

agencies. ESG rating agencies decide the scoring and definition of ESG, making it possible for certain 

firms that might not be perceived by an investor as sustainable to be scored highly on ESG by rating 

agencies. There is, therefore, a significant need for regulation and supervision by public and private 

authorities. According to Yu et al. (2020), greenwashing can be deterred by supervision from 

independent directors, institutional investors, influential public interests, and being cross-listed. 

Greenwashing is industry dependent as Yu et al. (2020) findings imply. According to Yu et al. (2020), 

the average large-cap firm does overstate their ESG performance. However, some firms and specific 

industries understate their ESG performance. An understatement of one’s ESG performance is also 

known as brownwashing. The industries in which greenwashing is more prevalent is Materials, Energy, 

and Utilities. The industries in which brownwashing is more prevalent is Telecommunication, 

Industrials, and Consumer Staple. The industries in which greenwashing is most prevalent are industries 

which are most exposed to scope 2 and scope 3 emissions. The industries in which brownwashing is 

most prevalent seems to be non-cyclical consumer goods industries. The fact that not all firms equally 

disclose their ESG makes it so that industry effects on the results in the analysis can be skewed. An 

extension to the analysis could therefore be to examine the same results but within certain industries. 

This is outside the scope of the thesis and would require a larger data sample. 

Greenwashing could dilute the effects found in the analysis. If firms were found to be using 

greenwashing in their environmental data reporting, then it would be impossible to distinguish between 

the effects of firms using greenwashing and firms reporting the full environmental data. The results 

would then be muddled since firms using greenwashing should be subject to lower environmental scores 

and therefore, higher carbon risk. These results would then be mixed with the results of firms reporting 

the full unaltered environmental data. The mix of firms using greenwashing with firms not using 

greenwashing would make it so that firms with high carbon risk are mixed with firms with lower carbon 

risk. The results would then be more likely to yield insignificant results since the data sample would 

then have higher standard deviations. Firms that are using greenwashing might have been part of the 

data sample used in the analysis. This would, as explained, make it so that the results are more likely to 

yield insignificant results. It is, however, not possible to screen for companies using greenwashing. The 

only way to ensure against companies using greenwashing is by implementing countermeasures. The 

best countermeasure against greenwashing would be an expansion to the current reporting of ESG 

relevant data and the implementation of ESG auditing. 
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7.3 ESG auditing and reporting 

The best way to improve the reliability and use of the ESG would be to implement standardised 

reporting and ESG auditing. The current reporting of ESG data is not aimed at investors but is instead 

aimed at other stakeholders, such as NGOs. The data is often of little use to investors. Therefore, rating 

agencies such as MSCI collect and sort data to provide an assessment of ESG performance. However, 

firms should instead provide comprehensive, standardised ESG reports directly to their investors. 

Organisations such as the Carbon Disclosure Project (CDP) gather and organise information to provide 

investors with meaningful information. The data should, however, be structured and supervised by a 

public governing body. This would not only increase the accounting standard but also allow for rigorous 

third-party auditing. The quality of ESG data is currently imperfect as witnessed in the analysis. 

However, the European Union is currently implementing regulation that is rapidly improving the 

available ESG data quality.  

All large companies currently have sophisticated and reliable IT infrastructure in place for generating 

financial reports, but only a few firms have any IT system available for measuring ESG performance 

(Eccles & Klimenko, 2019). ESG reports are usually generated through internal spreadsheets or 

boutique software solutions focusing on niche data segments such as carbon emissions or customer 

retention. The lack of proper IT infrastructure results in low quality and inconsistent ESG data. 

Inconsistent ESG data causes trouble, as evident from the discussion above, for investors and asset 

managers. 

One of the main challenges for most companies before producing standardised and integrated ESG 

reports is that their ESG data rarely is available at the same time or in a comparable format as financial 

data. There is, therefore, a need for the development of accounting standards for ESG information. 

Multiple NGO’s are currently developing accounting standards, but corporate leaders and government 

bodies should also play a vital role in speeding up the process of developing a standardised ESG report. 

Firms could influence the development of ESG accounting standards, by themselves establishing 

standards in their external ESG reporting, or by requiring their audit firms to provide assurance on their 

ESG performance. There are several challenges and concerns needed to overcome before it becomes 

possible to implement a standardised audited ESG report, such as the need for better IT infrastructure 

and the risk of increased liabilities. However, these changes should be met to accommodate for the 

changing demand of investors. 

Not all ESG issues affect a company’s profit but still affect society. A growing part of investors are 

interested in societal impact by firms and are willing to invest in firms that actively work to improve 

society. Firms are currently challenged by the lack of standardisation in measuring externalities, such 

as the positive and negative effects of their products and services on society. These challenges not only 

relate to comparability but also incremental impact. For example, a switch from fossil fuel to renewable 
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energy production in China is more impactful than the same switch in Denmark, where a significant 

part of energy production already comes from renewable energy sources. There is, therefore, a need for 

standardisation of impact measurement and reporting. Currently, there are many organisations 

committed to the creation of a standardised ESG reporting framework that will be helpful for both 

companies and investors. 

As a standard for ESG reporting is established both investors and firms will be adapting to implement 

the new data. One of the currently most used frameworks for measuring social impact is the United 

Nations Sustainable Development Goals (SDGs). The UN identifies 17 goals that are necessary for a 

sustainable future, including the eradication of poverty and hunger, the reduction of inequalities, and 

ensuring responsible consumption and production. A 2016 PwC study found that of 470 companies in 

17 countries, 62% mentioned the SDGs, whereas only 28% provided quantitative measurements linked 

to their societal impact (Eccles & Klimenko, 2019). Only a couple of the firms in the data sample, such 

as Nordea, mention the SDGs, but none of the firms in the data sample provided any quantitative 

measurement of their effort to follow the SDGs. 

A multitude of changes is happening in the way investors are evaluating companies. Large companies, 

as evident from Figure 3, are already beginning to be affected by an increase in ESG ratings which are 

used by asset managers and pension funds alike. Mid- and Small-Cap firms will soon also become 

subject to increased scrutiny by investors and ESG rating agencies. Companies should seize the 

opportunity to become among the first to attract responsible investments by standardising ESG reports 

and implementing ESG auditing. By standardising ESG reports and implementing ESG auditing, firms 

would be able to attract responsible investors willing to reward firms for creating long-term value for 

society. Small-Cap firms often struggle to implement ESG reporting into their operations due to a lack 

of resources. Small-Cap firms, therefore, need even greater support from regulators and governments. 

The ESG score of Small-Cap firms is still of interest to investors and should still be a focus of corporate 

leaders and asset managers alike.  
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8. Conclusion 

To conclude, the results of this paper show compelling evidence of the unique properties that an ESG 

factor can contribute to in a multi-factor portfolio. An ESG factor offers high excess returns, low risk, 

and small tail risk compared to other ESG quintile portfolios. This paper has proven that it is currently 

possible to construct an ESG factor using currently publicly available data. The constructed ESG factor 

can explain part of the risk that a firm listed on the Copenhagen Nasdaq OMX has been facing from 

2010-2020. However, the lack of consistency among ESG relevant data limits the reliability and 

robustness of the results. 

By decreasing the data requirement established by ESG rating agencies, it becomes possible to construct 

an ESG rating framework that can rate firms in both the small, mid, and large market capitalisation 

segment. The ESG score is constructed as the sum of the environmental, social, and governance score.  

The environmental score is defined as the sum of the negated normalised value of a firm’s scope 1, 2, 

and 3 greenhouse gas emissions with data being available from the CDP. The social score is defined as 

the sum of a firm’s average productivity and staff compensation with data being available on Compustat 

and retrieved from firms quarterly or annual report. The governance score is calculated as the negated 

sum of a firm’s operating accruals, financial accruals, and working capital accruals normalised using 

total assets with data retrieved from Compustat. The ESG score is then ranked from 0-10. Ten is given 

to the firms with the highest ESG value, and zero is given to the firms with the lowest ESG value. The 

firms are then divided into quintile portfolios so that the ESG factor can be calculated as the best minus 

worst ESG quintile portfolio. This framework for the construction of an ESG score requires minimal 

data input and is therefore suitable for large, mid, and small-sized firms. 

The first results of the analysis examined the performance, risk and firm characteristic of each of five 

different ESG quintile portfolios. The results show that the ESG factor has a superior excess annual 

return and lower annual total risk compared to all other quintiles. While higher ESG quintile portfolios 

have higher returns and risk. The typical high ESG firm is a Large-Cap value firm that, most likely due 

to its high amount of liquidity, can implement more environmentally, socially, and governance friendly 

initiatives. 

The second part of the analysis examined the ability of the value-weighted ESG factor portfolio, in 

combination with five different asset pricing models, to explain the cross-section of returns of all stocks 

on the Copenhagen Nasdaq OMX. In the regressions the ESG factor never becomes significant, and the 

alpha is always significantly different from 0. Since the ESG factor is never significant, there is no 

evidence that an ESG factor is currently priced into listed firms on the Copenhagen Nasdaq OMX. 

In the next part of the analysis, five different asset pricing models were used to explain the returns of 

both the equal-weighted and value-weighted E, S, G, ESG, and MSCI ESG factor portfolios. It is 
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concluded that the constructed social factor drives the return of the constructed ESG factor. The 

environmental and governance factors do not contain significant excess returns and, therefore, do not 

seem to add much to the excess return of the ESG. Furthermore, the significance of the returns of both 

the constructed ESG factor and the MSCI ESG factor can be decreased by controlling for momentum. 

The loss of significance when controlling for momentum indicates that the returns of ESG factors can, 

at least in part, be explained by the momentum of stocks. 

In the final part of the analysis, the E, S, G scores, firm characteristics, and firm quality profile is used 

to predict firm risk. The results show that the risk of firms can be predicted using, mainly, the social 

score of a firm, but also the governance score provides predictive power. These results are in line with 

the findings of Dunn et al. (2018). Dunn et al. (2018) find a strong correlation between risk and the 

social and governance score of firms using the MSCI E, S, and G scores. The social score significantly 

predicts a negative effect on the total risk and stock-specific risk. The governance score significantly 

predicts a positive effect on the total risk. The environmental score significantly predicts a negative 

effect on the beta. The low predictive power of environmental scores can be caused by either an 

inherently less predictive power of firms’ risks or that data on environmental risk exposure is noisier 

than social or governance data. These events would prevent the regression from yielding accurate and 

significant estimates. 

The robustness of the results is affected by the low consistency of the data that is used to construct the 

ESG score. Both the results on the viability of ESG in factor investing and the ability of ESG to quantify 

part of the risk are limited by the low consistency and high standard deviations of the data used to 

construct the ESG scores. The low consistency and high standard deviations are proof of a lack of 

standardisation on ESG reporting and the need for ESG auditing to be implemented by a governing 

authority. The implementation of ESG reporting standardisation and auditing would not only increase 

the ESG data availability and quality but also limit the risk that greenwashing is currently posing to the 

viability of ESG and responsible investing. 

In conclusion, although weakened by the lack of consistency in ESG data, the findings serve as evidence 

that ESG information can play a role in the construction of investment portfolios beyond ethical 

considerations. A best minus worst ESG factor provides both superior excess return and lower risk than 

an ESG tilted portfolio that only invests in the 20% of firms with the highest ESG score. Furthermore, 

ESG can inform investors and asset managers about the risk of securities beyond what is captured by 

firm characteristics and quality profiles. Investors and assets managers should be able to use an ESG 

factor to improve on the performance of multifactor portfolios. The inclusion of an ESG factor in a 

multifactor portfolio could both lower the risk and increase the return.  
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9. Further Research 

Growing research suggests that ESG factors do and have contributed to financial performance. 

However, further research into the construction, performance, and evaluation of ESG is needed before 

a definitive conclusion can be made as to whether ESG scores can be attributed to financial 

performance. 

Given the extent and limitations of this thesis, there are several ways in which the analysis can be 

expanded. Firstly, the definition of ESG can be altered to allow for different aspects of environmental, 

social, and governance dimensions to be incorporated. It would also be interesting to examine how ESG 

correlates with other metrics of performance, such as an accounting measure, like return on assets, or 

Tobin’s Q.  

One of the most significant limitations of this thesis is the limited data availability and small sample 

size. The data sample only consisted of 153 firms, limiting the industry diversification. Furthermore, 

the data the analysis was based on contained few variables (cf. Table 2) with large standard deviations. 

By extending the data sample and differing the definition of ESG, it could be possible to obtain more 

robust results. The most apparent expansion to the data sample would be to include stocks from more 

markets than the Copenhagen Nasdaq OMX. An evident expansion would be to include all listed stocks 

from the Nordics since the Nordics are leading in ESG reporting. Another expansion of the data sample 

could be the inclusion of private firms. Unlisted firms could increase the data sample while also 

expanding the use of ESG as a risk measure to unlisted firms. This would, however, require a new data 

source since this thesis has relied on publicly disclosed information from the quarterly or annual report, 

data which is not so readily available among unlisted firms. Another possibility to expand the data 

sample would be to include stocks from emerging markets. 

A fascinating aspect of ESG investing only briefly touched upon in this thesis is whether highly rated 

ESG firms outperform the market in an economic downturn. A hypothesis could be made that highly 

rated ESG firms have lower risks and tail risks and therefore, could provide investors with “safe haven” 

assets during economic downturns. This hypothesis is only speculative, but given the recent downturn 

caused by The Great Lockdown, data should now be available to test the hypothesis. 

Finally, it would be interesting to perform an analysis of the long-term versus the short-term effect of 

ESG on performance and risk. Some research suggests that ESG has a different intensity-longevity 

profile from most other factors (Giese et al., 2019). Therefore, it would be interesting to examine the 

time horizon over which the effects of the ESG factor manifests. This would require a data set stretching 

over a long period. Since most ESG ratings have only been available since 2014, it might not be feasible 

yet, but in the coming years, enough data should be available to allow for such an analysis to be possible.  
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Appendix 11. 5 

The five factors in the Fama-French  5-factor model are constructed using six value-weighted portfolios 

formed on size and book-to-market ratio, six value-weighted portfolios formed on size and operating 

profitability, and six value-weight portfolios formed on size and investment. 

The European SMB, HML, RMW, and CMA factors are constructed by sorting all stocks in a Europe 

into two market caps and three individual book-to-market equity (B/M), operating profitability (OP), 

and investment (INV) groups. Big stocks are defined as those in the 90th percentile for Europe, and 

small stocks are those in the 10th percentile. The book-to-market, operating profitability, and investment 

for Europe are divided using the 30th and 70th percentile. 

The SMB (Small Minus Big) factor is then calculated as the average return on the nine small stock 

portfolios minus the average return on the nine big stock portfolios. 

SMBB
M⁄  =

1

3
∗ (Small Value + Small Neutral + Small Growth) −

1

3

∗ (Big Value + Big Neutral + Big Growth) 

SMBOP =
1

3
∗ (Small Robust + Small Neutral + Small Weak) −

1

3

∗ (Big Robust + Big Neutral + Big Weak) 
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SMBINV =
1

3
∗ (Small Conservative + Small Neutral + Small Aggressive) −

1

3

∗ (Big Conervative + Big Neutral + Big Aggressive) 

SMB =
1

3
∗ (SMBB

M⁄  + SMBOP + SMBINV) 

The HML (High Minus Low) factor is calculated as the average return of the two value portfolios minus 

the average return on the two growth portfolios: 

HML =
1

2
∗ (Small Value + Big Value) −

1

2
∗ (Small Growth + Big Growth) 

The RMW (Robust Minus Weak) factor is calculated as the average return of the two robust operating 

profitability portfolios minus the average return on the two weak operating profitability portfolios: 

RMW =
1

2
∗ (Small Robust + Big Robust) −

1

2
∗ (Small Weak + Big Weak) 

The CMA (Conservative Minus Aggressive) factor is calculated as the average of the two conservative 

investment portfolios minus the average return on the two aggressive investment portfolios: 

CMA =
1

2
∗ (Small Conservative + Big Conservative) −

1

2
∗ (Small Aggressive + Big Aggressive) 
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Boxplot over the excess return of the raw data. 
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