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1 Introduction 

We introduce a new carbon risk factor, BMG (“brown minus green”), derived from CO2 

emissions and information on the environmental agenda of more than 2,100 global companies. 

The new common factor is of vital importance as it captures companies’ sensitivity to the 

implications of the worldwide transition from a brown, carbon-based economy to a green, low-

carbon economy. While we are the first to quantify the such defined systematic common carbon 

risk via the capital market, previous carbon risk related studies mainly focus on the physical 

measurement of corporate carbon footprints, the fundamental implications of the carbon 

transition on value and performance of single companies, the influence of green labelling and 

emissions on stock returns, and the impact of carbon risk and carbon regulation on the economy. 

The main insight from our study is that the new BMG factor significantly enhances the 

explanatory power of common factor models to a similar extent as, e.g., the Carhart (1997) 

momentum factor does with the Fama and French (1993) model. Moreover, comprehensive 

asset pricing tests lead to the conclusion that our factor can - besides traditional common risk 

factors - explain variation in stock returns, thus beeing significant for asset pricing. This works 

for a training sample as well as for large validation samples, e.g. a global sample and specific 

subsamples of US, European, Asian/Pacific, and North American companies. Thus, our new 

factor allows companies, investors and regulators to measure carbon risk without detailed 

environmental information. 

The controversy whether climate change exists or not is settled since high-ranked 

personalities like former US President Barack Obama and former CEO of Exelon John W. 

Rowe affirm that “climate change is a fact” (Obama, 2014) and that the “carbon-based free 

lunch is over” (Krauss/Galbraith, 2009). The Intergovernmental Panel on Climate Change 

(IPCC) states in its Climate Change Report 2014 that increasing carbon emissions and their 

equivalents are the main cause for climate change. Former chief economist of World Bank 
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Nicolas Stern estimates financial losses of five percent or more annually of global GDP if global 

warming reaches five to six degrees by the end of this century (Stern, 2007). To limit these 

negative effects, governments actively engage in a counteraction to climate change. The 21st 

Conference of the Parties (COP 21) in Paris 2015 thus achieved an agreement of 195 nations to 

limit global warming to less than 2°C above pre-industrial levels (European Commission, 

2015). This agreement implies the worldwide commitment to actively pursue the transition to 

a green, low-carbon economy. 

However, for individual companies this transition may represent different sources of 

risk. First, emission mitigation policies and regulatory enforcement of emission reduction 

targets may question business strategies and practices. Second, divestment movements like the 

Portfolio Decarbonization Coalition (PDC) promote divesting from high-carbon firms and thus 

endanger companies’ access to financing (e.g., Cheng et al., 2014). At the same time, banks 

start developing policies against financing brown business (e.g., Rainforest Action Network et 

al., 2017). This development is politically encouraged and corresponds to the overall increasing 

ecological awareness, which creates reputational risks for companies and banks concerning 

their impact on the environment. Besides, technological progress and innovation may threaten 

existing technologies, especially if such innovation is politically encouraged. Moreover, the 

whole financial market faces the threat of a carbon bubble, which arises from the fact that 

worldwide fossil fuel resources by far surmount the remaining carbon budget, i.e. the amount 

of fossil fuels which may be burned until the end of the century in compliance with the 2°C 

target. Such excess resources are termed “stranded assets” by the Carbon Tracker Initiative 

(2013). However, they still enter into companies’ balances without noteworthy discount causing 

severe overestimations of company values. Carrington (2013) estimates the resulting crash risk 

for the stability of the financial market to be comparable to the burst of the housing bubble in 

2008. 
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Our capital market based analysis of carbon risk is linked to several other recent fields 

of carbon-related economic research. One field studies the physical measurement of corporate 

carbon intensity and carbon footprints as well as concepts of carbon disclosure. Hoffmann and 

Busch (2008) and Busch (2010) developed four performance indicators: carbon intensity, 

carbon dependency, carbon exposure, and carbon risk based on CO2 emissions from the 

Greenhouse Gas (GHG) Protocol. Pandey et al. (2011) describe quantification methods for 

carbon footprints. Andrew and Cortese (2011) examine carbon footprint data regarding 

credibility and usability for climate change related decision making. Tang and Luo (2014) 

discuss carbon disclosure and propose a comprehensive carbon management system. 

Another field studies how carbon risk impacts companies’ investment and portfolio 

decisions. Busch and Hoffmann (2007) promote the importance of carbon related constraints in 

corporate investment decisions. Butterworth et al. (2015) compare two Australian energy 

companies with different carbon-related investment strategies and find that the innovative one 

outperforms the conservative one. Jung et al. (2014) find that Australian firms with higher 

carbon risk exposure face higher costs of debt but that they can mitigate this effect by 

demonstrating carbon awareness and investment in carbon reduction. Szolgayová et al. (2014) 

present four possible components of a cost-optimal corporate portfolio which includes investing 

in carbon-saving technologies or carbon-saving R&D. Further studies use real options to model 

carbon-related investment risk under uncertain climate change regulation (e.g. Blyth et al., 

2007; Barbose et al., 2008; Fouilloux et al., 2015). 

The next field studies how value and performance of a company depend on carbon 

emissions. Within this field, Delmas and Nairn-Birch (2011) explore the impact of GHG 

emissions on corporate financial performance and find that higher emissions have a positive 

impact on ROA but a negative impact on Tobin’s Q. Aggarwal and Dow (2011), Gallego-

Álvarez et al. (2015), Saka and Oshika (2014), and Misani and Pogutz (2015) examine the 
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influence of GHG emissions on firm values controlling for a variety of other fundamental firm 

characteristics. They share the common conclusion that carbon emissions have a negative 

influence on firm value and that reducing emissions generates a positive impact on financial 

performance. They promote the importance of carbon management and disclosure for the value 

of the firm, an effect that increases with higher GHG emissions. 

A further field studies the effects of carbon-related regulation like emissions trading on 

the economy. Baker (2009) suggests a policy that encourages investing in low-carbon 

technologies and near-term emission abatement to oppose increasing economic carbon risks. 

Martin et al. (2014) and Sato et al. (2015) study the phenomenon of carbon leakage, i.e. the 

migration of firms due to carbon regulation. They find that carbon intensity is strongly 

correlated with leakage risk and therefore propose adjusted exemption requirements. Antimiani 

et al. (2016) assess the newest EU Emission Trading Scheme (ETS) adjustments to avoid carbon 

leakage. Hambel et al. (2015) develop a model which considers climate change damages on the 

economy to determine the optimal state-dependent CO2 abatement policy. Lecuyer and Quirion 

(2013) develop an analytic and numerical model of the EU energy and emission markets to 

determine the impact of a CO2 emission price drop to zero. Their results give rationales for the 

introduction of instruments such as emission certificates. Further research in this field is 

concerned with modeling the carbon emission prices (Sadorsky, 2014) and risk (Zhu et al., 

2009) or proposes dynamic hedging strategies (Andersson et al., 2016) or strategies to prevent 

spillovers across energy and carbon markets (Balcilar et al., 2016). Others analyze similar topics 

for specific sectors like tourism (Scott et al., 2016) or geographic regions like the emerging 

markets (Pan, 2014; Soni and Bhanawat, 2015).  

This brief overview of the related fields shows that financial carbon risk is already a 

widely discussed topic which has been analyzed from various angles. However, research like 

ours that aims at quantifying common systematic carbon risk via the capital market is scarce. 
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A geographically restricted study thus far is presented by Oestreich and Tsiakas (2015) who 

examine the impact of the EU ETS on the stock returns of 80 German and 100 British 

companies. Based on the number of free emission allowances given to the companies by the 

respective governments during the first two phases of the EU ETS, they construct country 

specific "dirty-minus-clean" portfolios which display positive returns during these two phases. 

However, the pattern reverses after the announcement that there will not be any free allowances 

in the third phase. Therefore, we argue that the outperformance of dirty companies may be a 

reward for effective lobbyism rather than a risk premium and, consequentially, that emission 

prices on the EU ETS market are not sufficiently efficient to be used in the construction of a 

common carbon risk factor.1 In this context, Chevallier (2009) shows that the EU ETS emission 

price is decoupled from macroeconomic indicators confirming the market’s inefficiency while 

Hermann et al. (2010) and Cludius and Hermann (2014) find that German DAX companies 

enjoyed a free lunch through free emission allowances.  

De Haan et al. (2012) examine the relationship between corporate environmental 

performance (CEP) and stock returns. They define CEP as a company’s voluntary integration 

of environmental concerns beyond legal requirements. As a proxy for CEP they use the 

Newsweek’s green rankings for the largest 500 US companies. Even though they also create a 

new risk factor, they come to the conclusion that investor’s taste plays a major role in 

influencing returns. Additionally, the study’s horizon is limited in regional, timely, and 

systematic aspects. Harris (2015) also constructs a systematic carbon emissions factor labelled 

EMI for “Efficient minus Intensive”. However, this factor is solely based on carbon intensity. 

Our study delivers a sophisticated approximation for the relevant carbon risk and thus by far 

precedes the other studies.  

                                                      
1 The German government distributed free allowances to energy intensive companies which successfully argued 

that the implementation of the EU ETS would represent a competitive disadvantage for them. 
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We are therefore the first to construct a common systematic carbon risk factor based on 

dependable climate-related data for a comprehensive sample of global companies. The 

remainder of our analysis is structured as follows: Section 2 presents the data, Section 3 explains 

the construction of our common carbon risk factor. Section 4 presents tests of the factor’s ability 

to enhance the explanatory power of common factor models within the training data set. Section 

5 presents analyses of companies’ sensitivity to the transition to a green worldwide economy 

by means of a large validation sample and asset pricing tests. Section 6 then analyzes if the 

carbon risk factor represents a priced risk for this validation sample. Section 7 presents the 

robustness checks of our results and Section 8 concludes.  

2 Data 

2.1 Training sample 

For the construction of our carbon risk factor, we obtain carbon related company level data 

from the Thomson Reuters Environmental, Social, and Governance (ESG) database2 which 

contains rich ESG information on over 6,000 global companies starting in 2002. To quantify a 

company’s individual carbon intensity, we use annual information regarding their direct 

(Scope 1) and indirect (Scope 2) CO2 equivalent3 emissions (“CO2e”, in metric tons)4 and ten 

additional environmental variables including total energy use (in gigajoule) as well as indicator 

variables describing a company’s environmental agenda like, e.g., climate change risk 

awareness, investment in clean technology, or the implementation of resource efficiency 

                                                      
2 Formerly ASSET4 ESG database. 

3 CO2 equivalents convert any amount and mixture of greenhouse gas (GHG) to the amount of pure CO2 which 

has the same effect on global warming. 

4 Scope 3 data (indirect up- and downstream the value chain) is also available in the Thomson Reuters ESG 

database. However, as reporting frequency and quality are very poor we do not use it in this study. 
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policies and targets. Table 1 provides Thomson Reuters Datastream (TRD) codes and short 

descriptions for all eleven environmental variables. 

[Insert Table 1 here.] 

We select the final sample of companies according to the following criteria. We only consider 

companies whose CO2e emissions are available and non-negative for at least three years. Using 

the Thomson Reuters Business Classification (TRBC), we exclude collective investments.5 To 

ensure a sufficient number of companies per year we restrict the sample to the 8-year period 

from January 2008 to December 2015, mainly due to the lack of sufficient carbon related 

information before 2008.6 This leads to a total number of 2,114 global companies overall and 

1,611 companies on average per year. Panel A of Table 2 reports geographical (Subpanel a.) 

and sectoral (Subpanel b.) breakdowns for the training sample. The sectoral breakdown is based 

on TRBC. The numbers show that our sample can be regarded as representative. The single 

country with the highest number of companies is the USA with 437. The second largest region 

is Europe with UK, France, and Germany in the Top 10. Very importantly, the sector 

breakdown shows that not only low-carbon industries report emissions, so that we are 

convinced that this sample can be used to construct a common carbon risk factor. 

 [Insert Table 2 here.] 

For those companies, we obtain monthly returns as well as further financial information such 

as the monthly market value of equity and net sales also from TRD. On this data, we apply the 

usual data corrections and adjustments described by Ince and Porter (2006). Further, we obtain 

                                                      
5 Residential & Commercial REITs (5540), Collective Investments (5550), Investment Holding Companies 

(5560). 

6 CDP reports for 2016 are due in July 2017. Consequentially, 2016 data is incomplete at the moment. 
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monthly risk factors from the Kenneth R. French Data Library.7 Table 3 reports summary 

statistics for financial and environmental variables of our training sample. The average market 

equity of the companies is around 16 billion US$ while the median is around 6 billion US$. 

Thus, the dataset includes many small and few very large firms. The same applies for net sales. 

Regarding the continuous environmental variables, the mean (median) CO2e emissions are 

15.59 (0.36) megatons. Again, this means a very high number of firms with low emissions and 

a small number of firms with extreme emission as documented by the very high skewness. 

Average (median) energy use is 55.79 (4.17) million gigajoule. To avoid penalizing very large 

companies by considering absolute CO2e emissions and energy use, in the following we 

standardize both variables by the company’s net sales.8 

[Insert Table 3 here.] 

Regarding the indicator variables, 69% of the companies in the training sample are aware that 

climate change risk exists. The majority (94%) thus has formulated emission reduction targets, 

however, only 45% have taken active measures to reach such targets. Regarding resource 

efficiency, the numbers are more consistent with 88% of firms having a target as well as a 

respective policy in place. Only 25% invest in clean technology, 61% use renewable energy, 

37% file reports on green buildings, and 69% consider carbon-related aspects in their supply 

chain management. 

2.2 Validation sample 

For validating tests of our new common carbon risk factor, we obtain data on all surviving 

common stocks as of December 2015 from Morningstar Direct. We select the final dataset 

                                                      
7 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html#Research. 

8 Alternatively, we also use market equity to standardize CO2e emissions and energy use. The results remain 

economically the same.  
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among these using the following screens. We exclude all companies without monthly stock 

returns, or exhibiting missing values or less than 12 observations in their return time series. We 

winsorize the remaining stock returns at the 1% and 99% percentiles to control for outliers. 

Finally, we exclude all companies with market capitalization below the 1% percentile to control 

for penny stocks and extreme micro caps. This yields a final selection of 27,115 global 

companies.9  For our regional subsamples we select the companies with the respective business 

countries and thus build a US, European, Asian/Pacific, and North American sample, 

respectively. Panel B of Table 2 shows geographical (Subpanel a.) and sectoral (Subpanel b.) 

breakdowns for the global validation sample. The sectoral breakdown is based on broad global 

industry classification system (GICS) codes.10  

The geographical breakdown shows that the USA is again the largest single country 

with 31.10% of the validation sample. The largest region, however, is Asia with China as the 

second largest single country and five further Asian countries in the top 10. Europe is 

represented in the top 10 only by the UK and with 11.40% in total. This is overall representative 

of the relative economic strength of the regions and countries. The sectoral breakdown by broad 

industry categories is comparable to the training sample. Thus, we consider this validation 

sample representative of the global economy and suitable for broad tests. 

3 Factor construction 

For the construction of a common carbon risk factor, we first determine companies’ annual 

carbon risk scores (CRS). The most important component is the CO2e Score, which we 

determine by annually sorting all companies into terciles according to their standardized CO2e 

                                                      
9 Note that the validation dataset partially coincides with the training dataset. The level of coincidence, however, 

is low at 7.10%. Alternatively, we eliminate all stocks that are included in the training sample from the 

validation sample. The results remain basically the same. 
10 We aggregate the 68 different 4-digit GICS to broader categories by the first 2 digits. 
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emissions and assigning the value 2 to those in the tercile of high CO2e emitters, the value 0 to 

those in the tercile of low CO2e emitters, and the value 1 to those in the middle tercile. 

Regarding the ten further environmental variables (E Scores), we first sort all companies into 

terciles according to their standardized energy use and assign the scores following the same 

logic as above. These two variables thus far represent the company’s current carbon and energy 

intensity. Concerning the nine indicator variables representing the company’s environmental 

agenda, we assign the value 2 for each negative answer (e.g., “no” investment in clean 

technology) and the value 0 for each positive answer (e.g., “yes” to the implementation of a 

resource efficiency target).11 From these eleven scores, we compute CRS following Eq. (1).12 

CRSi,t= 0.9 CO2e Score
i,t

 + 0.1 ∑ E Scorei,t
k

10

k=1

 (1) 

Next, we follow the approach of Fama and French (1993) and unconditionally allocate all 

companies each year into six portfolios based on their market equity (size) and CRS by using 

the median as breakpoint and terciles, respectively. The incorporation of the ten additional 

environmental variables into the CRS causes companies to change the tercile vis-à-vis the pure 

CO2e Score in 10.23% of all observations which confirms the importance of considering the 

company’s environmental agenda. This is consistent with the findings by Jung et al. (2014) and 

Szolgayová et al. (2014) that the environmental agenda is an important determinant of 

companies’ cost of capital. The resulting portfolios are represented in Figure 1. 

[Insert Figure 1 here.] 

Similar to Fama and French’s (1993) value factor HML, we use the market equity-weighted 

average monthly returns of the four corner portfolios of Figure 1 to calculate our carbon risk 

                                                      
11 We also assign the value 2 if questions are not answered to penalize unawareness or neglect of the topic. 

12 The calculation in Eq. (1) implies a factual weight on the CO2e Score of 47.37% and 5.26% for each of the ten 

further E Scores. We discuss alternative weightings and variable combinations in the robustness section 7.1. 
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factor BMG (“brown minus green”) following Eq. (2). Thus, BMGt is the return in month t of a 

zero-investment portfolio which is long in high carbon risk companies and short in low carbon 

risk companies. This way, we construct a global BMG factor as well as specific ones for the 

USA, Europe, Asia/Pacific, and North America. 

BMGt = 0.5 (SHt + BHt) – 0.5 (SLt + BLt) (2) 

Figure 2 plots cumulative returns of the global BMG factor and the corresponding long and 

short positions for the sample period from January 2008 to December 2015. The figure shows 

a strong contrast in the performance of the portfolios over time. While the cumulative return of 

the BMG factor is slightly positive in the period from 2008 to 2011, the effect reverses in the 

period from 2012 to 2015, in which the cumulative return of the BMG factor drops from around 

+15% to around –20%. Hence, we see that companies with high carbon risk performed worse 

in the last years than companies facing lower carbon risk. Thus, the usual logic of a risk-

premium for those companies with higher risk does not work in the context of climate change. 

[Insert Figure 2 here.] 

Regarding the two different phases of the BMG factor before and after 2011 we can think of 

two explanations. First, the period from 2008 to 2011 is characterized by the subprime and 

public debt crises and the associated economic downturn. One may assume that during such 

periods, companies and investors are focused on the management of immediate market risks 

rather than on relatively abstract climate or carbon risks. In the subsequent economic upwind, 

however, strategic longtime risks such as carbon risk gain new attendance and the need for low-

carbon strategies leads to more climate-sensitive behavior. The second explanation is that the 

Carbon Tracker Initiative (CTI) first published its findings regarding carbon bubble and 

stranded assets in 2012 bringing the topic to the attention of a broad audience at this point. The 

underperformance of brown versus green companies could thus indicate that the capital market 
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starts adjusting the values of stranded assets. However, while the CTI estimates that around 

80% of fossil fuel resources are stranded, this suggests there is room for further adjustments. 

Table 4 shows summary statistics and correlations of the different risk factors during 

our sample period from 2008 to 2015. For the global factors in Panel A, the average monthly 

return of the BMG factor is negative at -0.25% as expected. Further, the correlations between 

the BMG factor and the market factor, the Fama and French (1993) factors, and the Carhart 

(1997) momentum factor are relatively low. For the US (Panel B), the BMG factor is only 

slightly negative indicating that carbon related topics have not led to significant asset valuation 

adjustments yet. The absolute correlations to the other factors are higher than on global level 

with the highest absolute correlation between BMG and the market factor of -35%.  

[Insert Table 4 here.] 

The European BMG factor in Panel C shows the lowest mean excess return with -0.31% which 

may be an indication that carbon risk is already considered in asset valuations more intensively 

than in other regions. The correlation of European BMG with the other factors is relatively low 

but shows different tendencies as in the USA. For example, in Europe, BMG is positively 

correlated (+33%) with SMB while in the USA they are negatively related (-17%). Also, in 

Europe there is no relevant relation with the market (+12%) while in the USA we see a strong 

negative relation (-35%) as already indicated above. The Asian/Pacific BMG factor shows a 

moderately negative mean excess return. As the Kenneth French Data Library does not provide 

specific risk factors for this region as a whole, we use the Fama and French (1993) and Carhart 

(1997) factors for the Asia/Pacific region provided by AQR management in combination with 

the respective BMG factor.13 The correlations are low as expected. For North America (Panel 

                                                      
13 We would like to thank AQR Capital Management for providing the data. https://www.aqr.com/library. 
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E), the average monthly excess return of the BMG factor is negative at -0.19%, while the 

correlations with the other factors are relatively low. 

Overall, the correlations are low enough for the global sample and for all four specific 

regions to assume that BMG possesses individual components that enhance the explanatory 

power of common factor models regarding systematic variations in stock returns. 

For further evidence on the unique characteristic of the BMG we perform factor 

spanning regressions to test if a risk factor can be explained by the other factors.14 A statistically 

significant intercept from such a regression would suggest that the factor used as dependent 

variable possesses individual power in explaining variation of stock returns, which is not 

captured by the other factors. Therefore, we regress each factor’s return against the returns of 

all other factors and analyze the intercepts from that regression. 

[Insert Table 5 here.] 

Table 5 shows these regressions for the 4F + BMG model for each region. The intercept of the 

BMG factor in Panel A is -0.320% but insignificant. Regarding the other regions, except Europe 

with a significant intercept of -0.514%, we cannot find further proof of unexplained parts of 

each BMG factor. Interestingly, we cannot find many significant intercepts at all and for none 

factor across all regions. One explanation for the low and insignificant intercepts found in these 

tests may be the lack of return variation connected to the factor returns in our sample. According 

to Huberman and Kandel (1987), the results indicate that the omission of the BMG factor does 

not harm the mean-variance-efficient tangency portfolio produced by combining the remaining 

factors. 

To take a deeper look into this issue, we compute Sharpe ratios associated with different 

sets of factors to measure the economic significance of our results from an investor’s viewpoint 

                                                      
14 As suggested in e.g. Fama and French (2017) and Hou et al. (2017) 
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as suggested by, e.g., Ball et al. (2016) and Barillas and Shanken (2016). We construct ex post 

mean-variance efficient portfolios from the traditional four factors (market, size, value, and 

momentum) and the reversed BMG*. We use the reversed BMG* due to the fact that the BMG 

factor is on average negative during our timespan. This is attributable to the characteristic of 

our factor: on average, companies perform worse with higher risk, whereas the other four 

common factors are defined as risk premium factors, which may guarantee higher returns in the 

long run. Differences in Sharpe ratios of the portfolios measure how much investors could 

improve the mean-variance efficiency of their portfolios by augmenting the investment 

opportunity set with the BMG*. Table 6 presents the tangency portfolio weights along with 

Sharpe ratios ranking from the five lowest up to the five highest values. 

[Insert Table 6 here.] 

An investor who trades the market along with these factors would benefit by adding the reverse 

BMG* factor to the investment opportunity set. The factor combination portfolio with the 

highest Sharpe ratio in the global panel is a four factor combination, which includes the BMG* 

factor with a weighting of 42%. No other factor has a higher importance in this portfolio. By 

having a look at portfolios with only two factors, the BMG* is always higher than the respective 

other factor. These results remain unchanged if taking three or four factor combinations into 

account. Unfortunately, the results cannot be validated in every panel. While we find similar 

patterns in Europe and, at a slightly reduced level, in North America, we do not identify that 

the BMG* is part of the highest Sharpe ratio factor combination in the USA sample (Panel B). 

Even though it is part of the best portfolio in Panel D for Asia/Pacific, BMG does not stand out 

significantly compared to the other factors. We suppose a direct relation between this finding 

and the small regional subsamples of our dataset. 
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4 Quantification of carbon risk in the training sample 

To test if the BMG factor is able to enhance the explanatory power of common factor models 

in our training sample, we construct annually rebalanced CRS-decile portfolios from the 

companies in this sample such that decile 1 contains the stocks with the lowest CRS and decile 

10 contains the stocks with the highest CRS. Then we run time-series regressions of the deciles’ 

market value-weighted monthly excess returns on the 4F Carhart (1997) model (Eq. 3) and on 

a 5F model additionally including the BMG factor (Eq. 4). 

erp,t = αp + βp1 erM,t + βp2 SMBt + βp3 HMLt + βp4 WMLt + εp,t (3) 

erp,t = αp + βp1 erM,t + βp2 SMBt + βp3 HMLt + βp4 WMLt + βp5 BMGt + εp,t (4) 

erp,t is the monthly return of portfolio p in month t in excess of the risk-free rate, erM,t is the 

monthly excess return on the global market portfolio at time t, SMBt and HMLt are the monthly 

returns on the global size and value factors (Fama and French, 1993), WMLt is the global 

momentum factor (Carhart, 1997), and εp,t is a zero-mean error term. 

In order to test whether BMG is able to increase the explanation in variation of excess 

stock returns we apply the F-test on nested models (see Kutner et al., 2005). Two models are 

“nested” if one of them is a subset of the other. Here, the model in equation (3) is nested within 

the full model in equation (4). The latter is transferable into the restricted model (3) by setting 

the parameter βp5 to zero. If this is the case, BMG does not add to the explanatory power and 

thus, could be neglected. To test the hypothesis that the restricted model is adequate, i.e. BMG 

can be omitted, we perform an F-test (H0: βp5=0). It compares the residual sum of squares of 

the restricted and the full model, respectively. Basically, it tests whether the residual sum of 

squares of the full model is significantly lower compared to the residual sum of squares of the 

restricted model. The respective test statistic, the F-ratio (named after R.A. Fisher), is calculated 

as follows (Eq. 5).  
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  (5) 

dfR and dfF stand for the degrees of freedom of the restricted and the full model, respectively. 

RSSR and RSSF indicate the residual sum of squares of the two regression models. The F-ratio 

follows an F-distribution with dfR and dfF degrees of freedom. Large values of Fdf
R
,df

F
 indicate 

that H0 does not hold and hence, lead to the acceptance of the full model. 

The results of the global CRS-decile analysis are shown in Table 7 with the Carhart 4F 

model on the left and the 5F model including BMG on the right. The market beta is positive 

and significant for all deciles and does not change noticeably between the models. Regarding 

the other risk factors, however, some betas show distinctive differences between the models. 

For example, the loading of SMB in the low CRS-decile is statistically negative for the 4F model 

but becomes insignificant for the 5F model while the beta on the new BMG factor is 

significantly negative. Conversely, for the high CRS-decile the significantly positive 4F beta 

on SMB becomes less significant in the 5F model while the BMG beta is significantly positive. 

Thus, despite the low correlations displayed in Table 4, there seem to be some relations in the 

extreme deciles. The same applies to the 4F HML beta which is significantly negative for the 

high CRS-decile but insignificant for the 5F model. 

[Insert Table 7 here.] 

A comparison of the adjusted R2s and the results of the F-test, however, confirm that the new 

BMG factor significantly enhances the explanatory power of the standard Carhart model, 

especially for the high carbon risk portfolios. In the extreme case of CRS-decile 10, adj. R2 

increases by more than 14%. Regarding the BMG betas, the table shows the expected pattern 

that the loading increases monotonically (with small exceptions) from the Low CRS-decile, 

which displays a significantly negative loading (-0.439), to the high CRS-decile, which displays 

a significantly positive loading (1.226), that is even higher than the loading on the market factor. 
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Thus, our new BMG factor delivers the expected results and is able to significantly enhance the 

explanatory power of standard common factor models.15 

For additional details on the CRS-deciles, Table 8 shows median values of selected firm 

characteristics for the global sample. Naturally, standardized CO2e emissions increase 

monotonically with the CRS. More importantly, the market value and the number of employees 

decrease with the CRS by displaying extreme values in the extreme deciles. This is consistent 

with the observation above that for these extreme deciles the BMG and the SMB factor share 

some kind of common component. Further, it may suggest that larger firms may be able to 

realize economies of scale in CO2e emissions. Regarding company value, Tobin’s Q shows a 

reverse U-shaped pattern and is highest in the middle deciles which could suggest that following 

the transition rather than leading it may be an optimal strategy.  

[Insert Table 8 here.] 

5 Quantification of carbon risk in the validation sample 

5.1 Carbon risk in US industry portfolios 

As a first test whether the BMG factor works outside the framework of the training sample, we 

apply the US 4F Carhart model and the US 5F model including BMG on the monthly excess 

returns of 30 US industry portfolios obtained from the Kenneth R. French Data Library. Table 

9 presents the results. On average, including the BMG factor into the Carhart model yields a 

2.10% increase of adjusted R2 confirming the applicability on US data. The adjusted R2 increase 

is especially pronounced and statistically significant according to one-sided F-tests for the 

                                                      
15 Further panels to Table 7 for the regions USA, Europe, Asia/Pacific, and North America show economically 

similar results. They are not reported for brevity but provided by the authors upon request. The same applies for 

further panels to Table 8 which show basically similar results. 
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industries apparel, chemicals, fabricated products, metals and mining, coal, petroleum and 

natural gas, utilities, retail and financials, most of which could be expected.  

Looking at the corresponding sensitivities, the table shows significantly positive BMG 

betas for chemicals, steel, fabricated products, electrical equipment, metals and mining, coal, 

petroleum and gas, utilities, and transportation. This means that the transition to a green 

economy has a strong negative impact on these industries which is consistent with the 

expectation as most of them can be characterized as “brown industries”. Significantly negative 

BMG betas can be observed for apparel, healthcare and medical equipment, personal and 

business services, business equipment, retail, and financials. Here, intuition is less clear, 

however many of these industries may be regarded as dynamic and innovative such that 

adaptation to economic transition can be achieved rather fast and at relatively low cost so that 

they may have a competitive advantage. 

[Insert Table 9 here.] 

5.2 Carbon risk in single stocks 

We next test the relevance of the BMG factor by comparing the results of a variety of different 

factor models ran on our validation sample, which consists of the monthly stock returns of 

27,115 global firms (Panel A of Table 10) as well as on region specific subsamples of 8,427 

US firms (Panel B), 3,112 European firms (Panel C), 14,090 Asian/Pacific firms (Panel D), and 

9,033 North American firms (Panel E). Specifically, in column (1) we analyze in how far the 

consideration of the BMG factor enhances the regression’s adjusted R2 vis-à-vis the standard 

Carhart (1997) model according to the F-Test (H0: βp5 =0 ). For the global sample in Panel A, 

the 5F model yields an on average 0.67% higher adjusted R2 than the standard 4F model. 

Further, according to the F-test, the BMG factor significantly enhances the adjusted R2 in 

12.44% of the cases based on the 5% significance level. 



20 

 

[Insert Table 10 here.] 

To assess if the resulting numbers are economically meaningful, column (2) presents a similar 

comparison between the Fama and French (1993) 3F model and the Carhart 4F model while 

column (3) compares the Carhart 4F model with a 5F model including the Pástor and 

Stambaugh (2003) traded illiquidity factor obtained from Pástor’s webpage.16 The results 

indicate increases in average adjusted R2 of 0.40% and 0.30%, respectively, which is slightly 

lower than the increase using the BMG factor. Moreover, the inclusion of the momentum factor 

in column (2) only significantly enhances the R2 in 10.05% of the cases and the inclusion of the 

illiquidity factor enhances the R2 for 8.12% based on the 5% significance level. Both numbers 

are distinctively lower than in column (1). 

For the US subsample, column (1) of Panel B shows that the consideration of the BMG 

factor enhances the average adjusted R2 by 0.78% vis-à-vis the standard Carhart model. This 

corresponds to a significant enhancement of R2 for 11.07% on the 5% significance level. The 

other common model extensions in columns (2) and (3) lead to increases in average adjusted 

R2 of 0.83% for the momentum factor and 0.11% for the illiquidity factor. This corresponds to 

significant R2 enhancements of 13.53% and 7.69%. Thus, in the US, BMG outperforms 

illiquidity and trails momentum. 

For European companies, our BMG factor in column (1) of Panel C enhances the 

average adjusted R2 by 0.73% which corresponds to significantly higher R2 for 13.24% based 

on 5% significance. At the same time, the momentum factor enhances the adjusted R2 vis-à-vis 

                                                      
16 http://faculty.chicagobooth.edu/lubos.pastor/research/. We use the US traded illiquidity factor also for the global 

and North American sample knowing that there is a significant number of US companies in the respective sample. 

However, due to the lack of similar illiquidity factors for Europe and Asia/Pacific, we present no comparisons for 

these regions. 
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the Fama and French model by 0.45% on average and significantly for 10.73% of the companies 

at the 5% level.  

For Asian/Pacific companies in Panel D, the BMG factor enhances the Carhart model’s 

adjusted R2 by 0.74% on average and for 14.20% of single companies, whereas the momentum 

factor in column (2) enhances the Fama and French model by 0.31% on average and for 8.81% 

of single firms based on the 5% significance level.  

Panel D, column (1) indicates an increase in adjusted R² of 1.16% on average for North 

America, which is significant in 15.41% of the cases. The momentum factor is only able to 

increase adjusted R² by 0.49% (column (2)) with being significant in 10.95% for singles firms 

in North America at the 5% level. For the comparison of the 4F model and the 4F model 

including the illiquidity measure, the average difference of adjusted R² is 0.11% and significant 

in 7.77% of the cases for the 5% level. 

Overall, compared to such widely acknowledged benchmarks, our new common BMG 

factor thus performs extremely well globally and also for the region-specific subsamples, 

underlining its relative importance. For a more detailed assessment of the impact of BMG on 

the stock returns of single companies, Panel A of Table 11 reports the number of significant 

factor betas from the global 5F model. Based on two-sided t-tests (5% level), 3,465 companies 

(12.78%) show a significant BMG beta. Compared to the other factors, this is comparable to 

the number of significant SMB betas (3,496) and distinctively higher than the number of 

significant HML (2,088) and WML betas (2,974). The global average BMG beta is slightly 

positive with 0.143. For the US subsample, Panel B shows that 967 companies (11.48%) show 

a significant BMG beta. This is slightly below the numbers of SMB, HML, and WML. The 

average BMG beta is near zero but positive with 0.043. 
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A possible explanation as to why the comparison with momentum is different on global 

and US basis may be related to the findings by Griffin (2002), Chui et al. (2010), and Fama and 

French (2012) that country specific factors and especially momentum are more precise than 

global ones. Compared to this, climate change and global warming are global phenomena and 

thus the corresponding carbon risk is a global risk. Therefore, we conclude that our carbon risk 

factor BMG captures important systematics in global as well as US stock returns. 

[Insert Table 11 here.] 

For Europe, Panel C shows that 421 companies (13.53%) have a significant BMG beta. This is 

comparable to the numbers of HML and WML betas but distinctively lower than the number of 

significant SMB betas. The mean beta is 0.032. For Asia/Pacific in Panel D, 2,045 companies 

(14.51%) have a significant BMG beta which is lower than the number of SMB betas but 

distinctively higher than the number of HML and WML betas. The mean beta of 0.162 is even 

higher than in the global sample. For North America, Panel E shows that 1,435 companies 

(15.89%) have a significant BMG beta, which is again comparable to the number of SMB betas 

but distinctively higher than the number of HML and WML betas. The average coefficient value 

is 0.116. 

Concluding our analyses of carbon risks in single stocks, we are quite sure that our factor 

is essential in asset pricing. To get even deeper insights, we conduct latest asset pricing tests 

and an investigation of various test asset portfolios in the next chapter. 

5.3 Carbon risk in test asset portfolios 

Many papers in the asset pricing literature are seen critically regarding their future impact and 

relevance.17 To anticipate this, we conduct several latest asset pricing tests. One of the most 

                                                      
17 For a comprehensive overview of the discussion about past factors, we would suggest reading Harvey et al. 

(2016) and Feng et al. (2017). 
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common tests is the GRS test by Gibbons et al. (1989). It tests whether the intercept is 

indistinguishable from zero in the time-series regression of any asset’s excess return on the 

model’s factor returns (H0: αi = 0 ∀i). It is furthermore a test that shows if a linear combination 

of the factor portfolios is on the minimum variance boundary or if each factor portfolio is the 

multifactor minimum variance in a S state variable world. It can be represented and interpreted 

in two different ways, e.g. in the context of a Sharpe ratio maximization or an analysis of α. 

Equation 6 will provide the first, equation 7 the second view. 

(
𝑇

𝑁
 
𝑇 − 𝑁 − 𝐾

𝑇 − 𝐾 − 1
) [

√1 + 𝜃𝑁+𝐾
2

√1 + 𝜃𝐾
2

]

2

− 1 ~ 𝐹(𝑁, 𝑇 − 𝑁 − 𝐾) (6) 

Whereas 𝜃𝑁+𝐾
2  is the ex post maximum Sharpe ratio of N test assets and K factor 

portfolios, 𝜃𝐾
2  is the ex post maximum Sharpe ratio of only the K factor portfolios. Thus, the 

GRS test determines whether the first expression is statistically greater than the second one. 

(
𝑇

𝑁
 ) ( 

𝑇 − 𝑁 − 𝐾

𝑇 − 𝐾 − 1
) [

�̂�′Σ̂−1�̂�

1 + �̅�′Ω̂−1�̅�
] ~ 𝐹(𝑁, 𝑇 − 𝑁 − 𝐾) (7) 

We also provide new insights into α by combining our BMG factor with various 

common asset pricing and test asset portfolios by applying latest asset pricing tests following 

Hou et al. (2015), Fama and French (2016), and Barillas and Shanken (2017). Judging α, we 

calculate the average intercept (mean α) and the average absolute regression intercept (mean 

|α|) for each test asset portfolio. Furthermore, the average adjusted coefficient of determination 

(mean adj. R²) is providing information about the validity of a model in general.  

Another approach by Barillas and Shanken (2017) and Fama and French (2017) 

promises a ranking of models that can be achieved by investigating the Sharpe ratio rather than 

α. This assumption is based on previous research by Gibbons et al. (1989). They were the first 

expressing the difference between two max Sharpe squared ratio, the one with the combination 
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of 𝛱 (excess returns of all assets) and f (all factors of a model) and the one with only the latter, 

as the following equation 8 displays. 

𝛼′Σ−1𝛼 = 𝑆ℎ2(𝛱) − 𝑆ℎ²(𝑓) (8) 

They show that differences in the vector of intercepts (𝛼) from the regression of 𝛱 on f 

and the residual covariance matrix (Σ
−1

) for different models are only driven by 𝑆ℎ²(𝑓). 

Therefore, we can find the best fitting model by maximizing the max squared Sharpe ratio of 

the model’s factors. We choose seven different common models, e.g. the CAPM, Fama and 

French Three Factor Model (FF), Carhart Model (4F), an alternative Fama and French Three 

Factor Model (FF*) and an alternative Carhart Model (4F*) replacing in each the common HML 

factor with the HML devil factor of Asness and Frazzini (2013), the Fama and French Five 

Factor Model (5F) as well as the latter one including the Momentum factor (6F), and calculate 

the described measures with and without including the BMG. We repeat this process for several 

test assets, namely in a global context, e.g. 25 size and value sorted portfolios, 25 size and 

momentum portfolios, 25 size and operating profitability portfolios and 25 size and investment 

portfolios18, three different granularities of industry portfolios, provided by MSCI and based on 

the GICS industry classification, and two FTSE industry portfolios based on the ICB 

classification. In Table 12, we show the better fitted model according to the respective test 

statistic in bold.  

[Insert Table 12 here.] 

Starting with the evaluation of the best model of 25 size and value portfolios, we obtain 

different results. The 5F with our BMG factor has the lowest GRS test statistic overall, but any 

previous pairwise model comparison prefers the pure model. The 6F has proved its worth at the 

                                                      
18 We thank Kenneth French for providing test asset portfolios in such an extensive factor and country varying 

diversity. http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 
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adjusted R² and the average absolute α, whereas the average α reveals the 4F* as the best model 

to price the size and value sorted portfolios. Considering the Sharpe ratio approach, we can 

determine the 3F* with our BMG factor as the best fitting model. We suppose, that these 

findings indicate that our factor does not provide further insights into the size and value effect. 

We get a completely different picture looking at the 25 portfolios constructed on size and 

momentum, size and operating profitability, and size and investment. Across the three test 

assets, the model with the BMG factor has a lower GRS test statistic in 19 out of 21 model 

instances accompanied by 3 out of 3 times the highest adjusted R² and the highest average α. 

This leads to assume that our factor can explain these assets better than the common models. 

These results can be continuously observed by shifting to the various industry portfolios. We 

obtain better results in higher levels of the industry classification. We explain this result with 

the assumption that our BMG does not explain single industry (MSCI) or sector (FTSE) 

portfolio returns especially well. However, through our construction of the BMG, we also do 

not expect any superior results here.

We extend our analyses also to the previous regions of interest, i.e. USA, Europe, 

Asia/Pacific, and North America, and country specific asset pricing models, e.g. PS or q-factor 

model. Our results remain robust across all analyses. 

Overall, the numbers and relations are in line with economic intuition. We are thus 

convinced that it is important to consider our new common carbon risk factor BMG in portfolio 

and single stock regressions globally and in all relevant regions worldwide. 

6 Fama and MacBeth regressions 

Thus far, we were able to show that our new factor BMG explains common variation in stock 

returns. To test if the new factor also captures a premium, we run the usual cross-sectional Fama 

and MacBeth (1973) regressions on our validation sample of global companies and on the 
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subsamples of US, European, Asian/Pacific, and North American companies. Therefore, we 

first estimate monthly rolling window 5F-regressions over alternative window lengths of 12, 

24, and 36 months to record the companies’ expected excess returns as the dependent variable 

and factor betas from the 5F model as the independent variables. To consider autocorrelation 

due to overlapping windows, we calculate Newey and West (1987) standard errors. 

Panel A of Table 13 presents the results for the global sample, where Subpanel a. 

considers industry dummies and Subpanel b. considers country dummies. For both subpanels 

and all window lengths the coefficients for the BMG beta are negative and significant. This 

represents consistent evidence of a significant common “green premium” or “carbon penalty”, 

respectively, which is not exclusively valid for specific industries or countries. Moreover, of 

the other risk factors only the market factor shows consistently positive coefficients while the 

coefficients of SMB are consistently significant only in Subpanel b. and otherwise only for the 

window length of 36 months. HML and WML are not significant at all. This additionally 

underlines the economic importance for global firms to actively pursue the transition to the 

green, low-carbon economy irrespective of their country and industry affiliation.  

[Insert Table 13 here.] 

Panel B presents results of Fama and MacBeth regressions with industry dummies for the US 

subsample. Again, the BMG beta is statistically negative for all window lengths confirming the 

existence of a relevant “green premium” also for US firms irrespective of their industry. Panel 

C presents similar analyses for the European subsample. Here, the coefficient for BMG beta is 

negative just for window lengths 24 and 36, but not significant for any specification.  

Again, for the Asia/Pacific subsample, Panel D shows no significant coefficients for the 

BMG beta except in one case. Thus, despite the fact that the BMG factor enhances the 

explanatory power of the Carhart model for Asian/Pacific companies in previous sections, this 
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represents no significant green premium. However, this may change in the future with Asia 

becoming overall more environmentally alert which is especially documented by China 

launching the largest national carbon ETS worldwide in 2017 (e.g., Fialka, 2016; Swartz, 2016). 

Besides, for North America the BMG beta is again significantly negative for all windows 

(see Panel E). As already noted before, this speaks for a green premium also in the North 

American region. 

Summarizing the results for the Fama and MacBeth regressions, we note that we find a 

significant green premium in the global, US, and North American subsample. Economic 

intuition allows assuming that in the upcoming years all regions will price such a premium. 

7 Robustness 

7.1 Alternative factor constructions 

The calculation of CRS following Eq. (1) is the result of testing a wide range of alternative 

constructions on their ability to enhance the explanatory power of the Carhart (1997) model. 

Such alternatives especially include different weightings between the CO2e Score and the 

further E Scores. Besides, we test equal weighted subgroups of variables which are included in 

different combinations. The first subgrouping follows the categories resources, emissions, 

energy, awareness, and technology. The second subgrouping follows the variables’ past, 

present, and future impact. The third subgrouping combines variables with a high correlation. 

In addition to these alternative setups for CRS, we also test equally vs. value-weighted stock 

returns in the construction of BMG in Eq. (2) and standardize CO2e emissions and energy use 

using net sales vs. market equity. In total, we test over 8,500 alternative BMG factor 

constructions. 

Table 14 presents the change in (adjusted) R2 between single firm regressions using the 

4F Carhart (1997) model and the 5F model including BMG for selected setups based on the 
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global training sample. Our standard setup delivers the highest change in R2 of 2.69%. The 

mean change in adjusted R2 is as high as 1.80%. For comparison, the lowest mean change of 

R2 is 1.77% and 0.82% in adjusted R2, respectively, for the setup considering only resources 

and awareness but does not include CO2e emissions. The Top 2 setup considers only variables 

with past and present influence. It is followed by a setup which weights the CO2e Score with 

60% and the further E Scores with 40%. The pure CO2e Score setup is not in the Top 5. Using 

the Top 5 alternative CRS constructions for replications of our main analysis does not change 

the results in any meaningful way. We thus consider our results robust regarding the 

construction of the BMG factor. 

[Insert Table 14 here.] 

7.2 Democratic orthogonalization 

We are aware of the fact that our new risk factor might include effects from other risk factors. 

Therefore, we perform a democratic orthogonalization introduced by Klein and Chow (2013). 

They emphasize that an asset’s volatility does not only depend on the sensitivities towards the 

risk factors, the betas, but also by the variances and covariances of them. A simultaneous 

orthogonalization of all risk factors allows disentangling the uncorrelated component from the 

correlated components by eliminating the covariance between factors while maintaining the 

variance structure and the coefficient of determination. Thus, we are able to isolate the effect 

BMG explains excluding the effects other risk factors already capture. 

Table 15 displays the descriptive statistics of the orthogonalized factors. As desired the 

standard deviation of the respective orthogonalized factor does not change compared to its 

original counterpart. Also, the correlation between the factors is set to 0. The mean excess 

returns increase in absolute values for all factors in the global subsample (Panel A), the 

European sample (Panel C.), and the Asian/Pacific one (Panel D) compared to Table 4. In the 
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US and North American sample (Panel B and E) the mean excess returns of the BMG and SMB 

factor decrease in absolute terms. Nevertheless, the correlations between the non-

orthogonalized factor and the respective orthogonalized factor are still high and suggest a high 

resemblance.19 

[Insert Table 15 here.] 

Introducing the orthogonalized factors in our previous analyses leads to the following 

conclusions. For the CRS-decile portfolio performance there are basically no changes in our 

reasoning (Table 16). Even though the newly estimated beta coefficients for the orthogonalized 

factors may change in magnitude and direction, the alpha and the adjusted R2 remain the same 

by construction. In addition, BMG is always highly significant for the extreme portfolios and 

increases almost monotonically from the lowest to the highest decile.20 

[Insert Table 16 here.] 

Democratic orthogonalization also allows determining the specific contribution of each 

factor to the variation in the dependent variable via a decomposition of a regression’s R² (see 

also Klein and Chow, 2013).  It thus provides a tool for identifying useless factors in the 

explanation of excess returns. Notable here is that our factor is the most important factor in 

explaining variation in excess returns after the market factor, especially for extreme portfolios. 

For example, Table 17 shows that for global companies in the highest CRS-decile the 

orthogonalized BMG factor explains 13.68% of variation in stock returns, whereas SMB only 

captures 0.77%. In general, the BMG factor is especially important for the extreme deciles, 

whereas it barely adds to the explanatory power in the middle portfolios, e.g. for decile 5 it 

                                                      
19 For example, for the global sample correlations were 0.9819, 0.9882, 0.9449, 0.9647, and 0.9779 for erM, 

SMB, HML, WML, and BMG, respectively. 
20 For the sake of brevity we just report the global sample for Tables 16 and 17. The results remain economically 

the same for the other regions and are available upon request. 
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solely explains 0.01% of the 91.04% systematic variance and hence, is the least important 

factor. Overall, these results of the R²-decomposition show once more that BMG captures 

exactly what it is supposed to – it explains a significant part of the systematic risk of companies 

overly sensitive to the transition process.  

[Insert Table 17 here.] 

Results for the decomposition on single stock level for the validation sample are displayed 

in Table 18. As usual, the market factor explains the most part of systematic R² across all 

regional samples. For the global sample, Panel A, BMG is the third most important factor, for 

Asian/Pacific as well as for North American companies it is the fourth most important factor 

(Panel D and E). It stands on the last place for USA and Europe (Panel B and C, respectively). 

However, we notice that it does not fall behind at a large amount, so that it is on the same level 

as the other factors.  

[Insert Table 18 here.] 

Additionally, we again assess the importance of our factor related to the significance of its 

coefficient in the validation datasets. Table 19 displays the amount of significant coefficients 

based on the 10%, 5%, and 1% significance level, respectively. It is noticeable that for most 

coefficients the amount of significant coefficient increases across all significance levels 

compared to the non-orthogonalized factors in Table 11. In Panel C for Europe, we observe that 

SMB loses in significance, whereas HML and WML gain significantly. For the Asian/Pacific 

sample in Panel D, HML is in less cases significant for the orthogonalized factor, while WML 

clearly improves. We notice that again, our orthogonalized BMG factor does not stand behind 

the other factors. For example, in the global sample (Panel A) it performs better than the HML 

factor and even SMB for a significance level of 5% or higher. For US stocks (Panel B), BMG 

outperforms HML at 10% significance, for Asia/Pacific (Panel D), BMG performs better than 
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SMB and HML at a level of 1%. Panel E shows that the orthogonalized BMG factor is significant 

in more cases than HML and WML for 10% significance, and HML for 5% significance and 

above. Overall, the numbers for the BMG factor are comparable to those of the other factors, 

indicating that our factor possesses the same explanatory power as the traditional risk factors. 

[Insert Table 19 here.] 

7.3 Further robustness tests 

As further robustness tests, we first conducted similar analyses using the Fama and French 

(1993) 3F model as the baseline model instead of Carhart (1997). The results remain 

economically the same. Similarly, we use the Fama and French (2015) 5F model including 

additional risk factors based on profitability and investment which has no effect on our results. 

We further augment the Carhart model using the Pástor and Stambaugh (2003) illiquidity factor 

and test this 5F model against a respective 6F model including BMG, without relevant changes 

to our results. As suggested by Moskowitz et al. (2012), we replace the common market factor 

with the tradeable MSCI World Equity Index, which leaves all results and their interpretation 

untouched. Finally, we repeat similar analyses using alternative risk factors provided by AQR 

Capital Management to check if the specific calculation by Fama and French drives our results, 

however, our findings remain stable. Overall, we thus assume that our carbon risk factor BMG 

robustly enhances the explanatory power of common factor models. Moreover, our results 

indicate that the market may inherit a “green premium” for those firms which are already 

prepared or have an agenda for the economic transition to a green economy. 

8 Conclusion 

How can carbon risk, the common systematic risk caused by climate change and the worldwide 

transition from a brown, carbon-based economy to a green, low-carbon economy, be 
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quantified? In this paper, we are the first to propose quantifying carbon risk via the capital 

market by constructing a “brown-minus-green” factor from comprehensive data on the CO2 

equivalent emissions and information on the environmental agenda of over 2,100 global firms. 

We can prove that our new risk factor is essential in pricing stocks by applying a number of 

latest asset pricing tests. Moreover, using the BMG factor, we find significant indications for a 

“green premium”, i.e. that firms which are already prepared or take action to prepare for this 

economic transition display significantly higher returns. Thus, the classic way of thinking in 

terms of a risk premium for higher carbon risk does not work in the context of climate change. 

Our BMG factor works for a large validation sample of global firms as well as for 

subsamples of US, European, Asian/Pacific, and North American firms. It thereby allows the 

determination of companies’ sensitivity to the implications of the carbon-based economic 

transition without specific information on the companies’ carbon intensity or agenda. This can 

help single companies to identify the need to put more effort into their own transition processes. 

Moreover, investors and creditors can use our factor to measure and manage the carbon risk 

exposure associated with their individual or institutional portfolios. Finally, policy makers can 

use the factor to release more precise, purposeful regulation and identify how specific 

companies or sectors contribute to economic carbon risk. Overall, we are therefore confident 

that the results presented in this paper deliver a valuable, important contribution to 

understanding the mechanics of the carbon-based economic transition and the related carbon 

risk.  
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Figures and Tables 

Figure 1 

CRS portfolio matrix 
 

  Upper CRS tercile Lower CRS tercile  

Size 

Median 

Big/High CRS (BH) Big/Medium CRS (BM) Big/Low CRS (BL) 

Small/High CRS (SH) Small/Medium CRS (SM) Small/Low CRS (SL) 

 

 

This matrix shows the annual unconditional sorting of the stocks in our training sample into 

portfolios based on carbon risk score (CRS) and market equity (Size). 
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Figure 2 

Cumulative returns of carbon risk portfolios 
 

 
 

This figure shows cumulative returns of the BMG factor and the underlying long (SH+BH) 

and short positions (SL+BL) for the sample period from January 2008 to December 2015. 
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Table 1 

Descriptions of environmental variables for the Thompson Reuters ESG database 
   

Variable name TRD code Short description 
   

CO2 equivalents emissions 

total (CO2e) 

ENERDP023 Total CO2 and CO2 equivalents emissions in metric 

tons. (Scope 1&2) 
   

Energy use total ENRRDP033 Total Energy consumption as reported by the 

company. (Total Direct Energy Consumption + 

Indirect Energy) in gigajoule. 
   

Climate change 

risks/opportunities 

ENERDP089 Is the company aware that climate change can 

represent commercial risks and/or opportunities? 
   

Emission reduction 

objectives/targets  

ENERDP0161 Has the company set targets or objectives to be 

achieved on emissions reduction? 
   

Emission reduction/ 

CO2 reduction 

ENERO05V Does the company show an initiative to reduce, 

reuse, recycle, substitute, phase out or compensate 

CO2 equivalents in the production process? 
   

Resource/energy efficiency 

objectives/targets 

ENRRDP0192 Has the company set targets or objectives to be 

achieved on energy efficiency? 
   

Resource/energy efficiency 

processes/policy 

ENRRDP0122 Does the company have a policy to improve its 

energy efficiency? 
   

Clean technology ENPIDP066 Is the company developing clean technology (wind, 

solar, hydro and geo-thermal and biomass power)? 
   

Renewable energy use ENRRDP046 Does the company make use of renewable energy? 
   

Green buildings ENRRDP052 Does the company report about environmentally 

friendly or green sites or offices? 
   

Environmental supply chain 

selection management 

ENRRDP058 Does the company use environmental or 

sustainable criteria in the selection process of its 

suppliers or sourcing partners? 
   

   

This table provides Thomson Reuters Datastream (TRD) codes and short descriptions of the eleven 

environmental variables used to construct the stock specific carbon risk score (CRS). 
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Table 2 

Geographic and sectoral breakdown of global companies 
 

Panel A. Training sample 

a. Geographic   b. Sectoral 

Country # %   Sector TRBC # % 
 

United States 437 20.7   Industrials 52 410 19.4 

United Kingdom 282 13.3   Cyclical consumer goods  53 313 14.8 

Japan 271 12.8       & services    

Canada 108 5.1   Basic materials 51 288 13.6 

Australia 103 4.9   Financials 55 269 12.7 

South Africa 84 4.0   Non-cyclical consumer goods  54 181 8.6 

France 83 3.9      & services    

South Korea 70 3.3   Technology 57 175 8.3 

Taiwan 61 2.9   Energy 50 174 8.2 

Germany 59 2.8   Utilities 59 138 6.5 

Other Europe 343 16.2   Healthcare 56 96 4.5 

Other Asia 131 6.2   Telecommunications services 58 70 3.3 

Other Americas 75 3.5       

Other Australasia 5 0.2           

Other Africa 2 0.1           
 

Total 2,114 100.0%   Total  2,114 100.0% 
 

 

Panel B. Validation sample 

a. Geographic   b. Sectoral 

Country # %   Sector GICS # % 
 

United States 8,427 31.1   Industrials 20 4,471 16.5 

China 3,427 12.6   Consumer discretionary 25 4,111 15.2 

Japan 3,354 12.4   Information technology 45 3,594 13.3 

South Korea 1,788 6.6   Financials 40 3,108 11.5 

India 1,353 5.0   Materials 15 2,705 10.0 

Taiwan 1,121 4.1   Healthcare 35 2,050 7.6 

United Kingdom 687 2.5   Consumer staples 30 1,701 6.3 

Thailand 480 1.8   Real estate 60 1,478 5.5 

Canada 486 1.8   Energy 10 1,178 4.3 

Australia 364 1.3   Utilities 55 711 2.6 

Other Europe 2,424 8.9   Telecommunications services 50 338 1.2 

Other Asia 2,128 7.8   Other (no GICS codes available)  1,670 6.2 

Other Americas 674 2.5       

Other Africa 326 1.2           

Other Australasia 73 0.3           

Other (no country 

code available) 
3 0.0      

 

Total 27,115 100.0%   Total  27,115 100.0% 
 

 

This table shows the geographic (a) and sectoral breakdown (b) in absolute numbers and percentages for the 

training stock sample (Panel A) and the validation stock sample (Panel B) for the sample period from January 

2008 to December 2015. The training sample sectoral breakdown is based on Thomson Reuters Business Codes 

(TRBC). The validation sample sectoral breakdown is based on the first two digits of the global industry 

classification standard (GICS) codes. 
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Table 3 

Descriptive statistics of variables 
  

  TRD code N Mean SD 5% 25% 50% 75% 95% Skewness Kurtosis 
 

Continuous variables 
 

Market equity (mil. US$) MV 153,557 16,600.86 32,339.53 734.38 2,595.66 6,327.26 15,958.34 66,902.99 5.87 60.78 

Net sales (mil. US$) WC01001 154,488 17,049.47 33,456.17 653.01 2,576.45 6,512.26 16,929.05 68,647.03 6.41 65.50 

CO2e emissions (mega tons) ENERDP023 154,680 15.59 599.48 0.01 0.08 0.36 1.94 25.03 56,69 3.219,07 

CO2e emissions (std.) 
ENERDP023/ 
WC01001 

154,680 27.72 1,148.21 0.00 0.01 0.05 0.28 2.12 51.09 2,854.51 

Energy use (mil. gigajoule) ENERD033 118,511 55.76 303.27 0.11 0.98 4.17 21.46 233.86 20.07 564.67 

Energy use (std.) 
ENERD033/ 
WC01001 

118,511 315.65 14,190.55 0.03 0.16 0.51 2.88 17.04 50.81 2,697.07 
 

Indicator variables 
 

Climate change risk ENERDP089 154,680 0.69 0.46 0 0 1 1 1 -0.84 1.71 

Emission reduction targets ENERDP0161 108,576 0.94 0.25 0 1 1 1 1 -3.55 13.59 

Emission reduction  ENERO05V 154,680 0.45 0.50 0 0 0 1 1 0.20 1.04 

Resource efficiency policy ENRRDP0122 154,584 0.88 0.33 0 1 1 1 1 -2.28 6.21 

Resource efficiency target ENRRDP0192 82,020 0.88 0.32 0 1 1 1 1 -2.39 6.71 

Clean technology ENPIDP066 154,680 0.25 0.43 0 0 0 1 1 1.15 2.33 

Renewable energy use ENRRDP046 154,596 0.61 0.49 0 0 1 1 1 -0.46 1.21 

Green buildings ENRRDP052 154,596 0.37 0.48 0 0 0 1 1 0.56 1.31 

Supply chain management ENRRDP058 154,680 0.69 0.46 0 0 1 1 1 -0.84 1.71 
  

           

Carbon risk score (CRS) - 154,680 1.8 0.9 0.4 1.2 1.8 2.5 3.2 0.1 2.2 
  

 

This table reports Thomson Reuters Datastream (TRD) codes and descriptive statistics for the global training dataset for the sample period from January 2008 to December 

2015. CO2e emissions (std.) and Energy use (std.) denotes standardization by net sales. 
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Table 4 

Risk factor descriptive statistics and correlations 
 

Factor 

Mean excess 

return (%) 

Std. Dev. 

(%) T-stat. 

Correlations 

BMG erM SMB HML WML 
 

Panel A. Global 
 

BMG -0.25 2.00 -1.25 1.00         

erM 0.38 5.23 0.72 -0.11 1.00       

SMB 0.07 1.49 0.44 0.24 0.02 1.00     

HML -0.12 1.74 -0.70 -0.28 0.27 -0.11 1.00   

WML 0.28 4.04 0.69 0.21 -0.41 -0.03 -0.38 1.00 
 

Panel B. USA 
 

BMG -0.09 2.78 -0.33 1.00         

erM 0.64 4.85 1.30 -0.35 1.00       

SMB 0.18 2.32 0.74 -0.17 0.34 1.00     

HML -0.14 2.80 -0.50 -0.34 0.36 0.17 1.00   

WML -0.04 5.43 -0.08 0.33 -0.37 -0.10 -0.45 1.00 
 

Panel C. Europe 
 

BMG -0.31 2.25 -1.33 1.00         

erM 0.16 6.41 0.24 0.12 1.00       

SMB 0.14 2.02 0.68 0.33 -0.11 1.00     

HML -0.30 2.60 -1.12 -0.17 0.58 -0.10 1.00   

WML 0.75 4.55 1.62 0.12 -0.50 -0.01 -0.56 1.00 
 

Panel D. Asia/Pacific 
 

BMG -0.03 2.16 -0.15 1.00         

erM 0.25 5.19 0.48 0.22 1.00       

SMB 0.24 2.07 1.16 0.26 0.16 1.00     

HML 0.29 1.62 1.73 -0.10 -0.01 -0.24 1.00   

WML 0.41 3.87 1.04 -0.17 -0.38 -0.31 0.03 1.00 
 

Panel E. North America 
 

BMG -0.19 2.87 -0.65 1.00         

erM 0.59 4.94 1.18 -0.20 1.00       

SMB 0.05 2.22 0.24 -0.11 0.41 1.00     

HML -0.16 2.32 -0.67 -0.12 0.28 0.07 1.00   

WML 0.01 4.45 0.01 0.19 -0.29 -0.15 -0.44 1.00 
 

This table displays descriptive statistics and correlations of the monthly risk factors of the Carhart (1997) 4F 

model with the BMG factor for the sample period from January 2008 to December 2015. In Panels A, B, C, and 

E, the factors erM, SMB, HML, and WML are provided by Kenneth French. In Panel D, they are from AQR Capital 

Management. 
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Table 5 

Factor spanning tests 
 

 Dependent 

Variable 

(1) 

erM 

(2) 

SMB 

(3) 

HML 

(4) 

WML 

(5) 

BMG 

  

Panel A. Global 
  

Intercept 0.551 0.110 -0.139 0.376 -0.320 

  (1.10)  (0.71) (-0.84)  (1.02) (-1.64) 

erM 
 

0.009 0.042 -0.248*** -0.003 

 

 
 (0.29)  (1.23) (-3.43) (-0.08) 

SMB 0.101 
 

-0.090 -0.216 0.294** 

  (0.29) 
 

(-0.80) (-0.86)  (2.24) 

HML 0.390 -0.077 
 

-0.632*** -0.228* 

  (1.23) (-0.80) 
 

(-2.82) (-1.86) 

WML -0.462*** -0.037 -0.127*** 
 

0.069 

 (-3.43) (-0.86) (-2.82) 
 

 (1.24) 

BMG -0.022 0.177** -0.160* 0.240 
 

 (-0.08)  (2.24) (-1.86)  (1.24) 
 

R² 18.18 6.98 20.56 26.32 13.81 

adj. R² 14.58 2.89 17.07 23.08 10.02 
  

Panel B. USA 
  

Intercept 0.549 0.079 -0.237 0.029 -0.027 

  (1.28)  (0.35) (-0.94)  (0.06) (-0.10) 

erM 
 

0.155*** 0.095 -0.244** -0.117* 

 

 
 (2.91)  (1.57) (-2.10) (-1.87) 

SMB 0.549*** 
 

0.060 0.122 -0.067 

  (2.91) 
 

 (0.52)  (0.54) (-0.55) 

HML 0.277 0.050 
 

-0.638*** -0.175 

  (1.57)  (0.52) 
 

(-3.33) (-1.63) 

WML -0.190** 0.027 -0.170*** 
 

0.087 

 (-2.10)  (0.54) (-3.33) 
 

 (1.55) 

BMG -0.315* -0.050 -0.161 0.298 
 

 (-1.87) (-0.55) (-1.63)  (1.55) 
 

R² 29.03 12.52 26.98 27.37 19.62 

adj. R² 25.91 8.68 23.77 24.18 16.09 
 

Panel C. Europe 
  

Intercept 1.102** 0.318 -0.252 0.719* -0.514** 

  (2.16)  (1.57) (-1.21)  (1.86) (-2.43) 

erM 
 

-0.077* 0.178*** -0.227*** 0.141*** 

 

 
(-1.91)  (4.73) (-3.02)  (3.42) 

SMB -0.501* 
 

0.002 -0.288 0.390*** 

 (-1.91) 
 

 (0.02) (-1.45)  (3.77) 

HML 1.107*** 0.002 
 

-0.645*** -0.231** 

  (4.73)  (0.02) 
 

(-3.49) (-2.17) 

WML -0.401*** -0.078 -0.183*** 
 

0.085 

 (-3.02) (-1.45) (-3.49) 
 

 (1.47) 

BMG 0.808*** 0.345*** -0.213** 0.275 
 

  (3.42)  (3.77) (-2.17)  (1.47) 
 

R² 45.44 15.59 46.57 38.58 23.04 

adj. R² 43.04 11.88 44.22 35.88 19.66 
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Table 5 cont’d. 
 

Dependent 

Variable 

(1) 

erM 

(2) 

SMB 

(3) 

HML 

(4) 

WML 

(5) 

BMG 
 

Panel D. Asia/Pacific 
  

Intercept 0.420 0.384* 0.338** 0.611 -0.075 

  (0.82)  (1.93)  (2.02)  (1.65) (-0.34) 

erM 
 

0.009 0.008 -0.248*** 0.070 

 

 
 (0.21)  (0.24) (-3.46)  (1.55) 

SMB 0.056 
 

-0.196** -0.474** 0.213* 

  (0.21) 
 

(-2.28) (-2.54)  (1.89) 

HML 0.076 -0.277** 
 

-0.089 -0.061 

  (0.24) (-2.28) 
 

(-0.39) (-0.45) 

WML -0.468*** -0.139** -0.019 
 

-0.025 

 (-3.46) (-2.54) (-0.39) 
 

(-0.39) 

BMG 0.371 0.177* -0.036 -0.069 
 

  (1.55)  (1.89) (-0.45) (-0.39) 
 

R² 17.06 18.43 6.39 21.05 10.08 

adj. R² 13.42 14.85 2.28 17.58 6.13 
 

Panel E. North America 
  

Intercept 0.576 -0.068 -0.209 0.005 -0.143 

  (1.29) (-0.32) (-0.97)  (0.01) (-0.48) 

erM 
 

0.181*** 0.087* -0.128 -0.082 

 

 
 (3.92)  (1.75) (-1.36) (-1.21) 

SMB 0.800*** 
 

-0.066 -0.103 -0.042 

  (3.92) 
 

(-0.62) (-0.51) (-0.29) 

HML 0.375* -0.064 
 

-0.729*** -0.023 

  (1.75) (-0.62) 
 

(-3.99) (-0.16) 

WML -0.155 -0.028 -0.204*** 
 

0.090 

 (-1.36) (-0.51) (-3.99) 
 

 (1.20) 

BMG -0.192 -0.022 -0.013 0.174 
 

 (-1.21) (-0.29) (-0.16)  (1.20) 
 

R² 25.73 16.96 21.98 23.81 6.09 

adj. R² 22.47 13.31 18.55 20.46 1.96 
 

This table shows the results of using four factors in regressions to explain average returns on the fifth for the 

sample period from January 2008 to December 2015. In Panels A, B, C, and E, the factors erM, SMB, HML, and 

WML are provided by Kenneth French. In Panel D, they are from AQR Capital Management. *, **, *** denote 

significance on the 10%, 5%, and 1% level respectively. The intercept is given in percent. 
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Table 6 

Maximum Sharpe ratio approach 
  

Rank 
Sharpe 

Ratio 

Return  

(%) 

Std. 

Dev. (%) 

Optimal Weights 

erM SMB HML WML BMG* 
 

Panel A. Global 
 

26 0.03 0.07 1.48   1.00 0.00     

25 0.07 0.28 4.00     0.01 0.99   

24 0.07 0.38 5.18 0.99   0.01     

23 0.07 0.16 1.87   0.58 0.00 0.42   

22 0.07 0.16 1.87   0.58   0.42   

… … … … … … … … … 

5 0.16 0.20 1.09   0.32   0.17 0.52 

4 0.18 0.28 1.47 0.17     0.28 0.55 

3 0.18 0.29 1.47 0.17   0.00 0.28 0.55 

2 0.19 0.23 1.07 0.12 0.26   0.20 0.42 

1 0.19 0.23 1.07 0.12 0.26 0.00 0.20 0.42 
 

Panel B. USA 
 

26 0.02 -0.09 2.65 
  

0.45 0.55 
 

25 0.03 0.09 2.74 
  

0.00 0.01 0.99 

24 0.03 0.09 2.77 
   

0.00 1.00 

23 0.03 0.09 2.78 
  

0.00 
 

1.00 

22 0.07 0.17 2.31 
 

1.00 0.00 
  

… … … … … … … … … 

5 0.13 0.50 3.58 0.79 
 

0.00 0.21 0.00 

4 0.14 0.43 2.97 0.61 0.23 0.00 0.17 
 

3 0.14 0.43 2.97 0.61 0.23 
 

0.17 0.00 

2 0.14 0.42 2.93 0.60 0.24 0.00 0.17 0.00 

1 0.14 0.42 2.95 0.60 0.23 
 

0.17 
 

 

Panel C. Europe 
 

26 0.02 0.15 6.36 0.99 
 

0.01 
  

25 0.06 0.14 2.01 
 

1.00 0.00 
  

24 0.07 0.14 1.86 0.12 0.88 0.00 
  

23 0.07 0.14 1.86 0.12 0.88 
   

22 0.13 0.30 2.24 
  

0.00 
 

1.00 

… … … … … … … … … 

5 0.25 0.35 1.33 
 

0.33 0.00 0.22 0.45 

4 0.27 0.44 1.57 0.17 
 

0.00 0.35 0.48 

3 0.27 0.44 1.58 0.17 
  

0.36 0.48 

2 0.31 0.34 1.05 0.12 0.28 
 

0.23 0.37 

1 0.31 0.34 1.05 0.12 0.28 0.00 0.23 0.37 
 

Panel D. Asia/Pacific 
 

26 0.05 0.16 2.86 0.56 
   

0.44 

25 0.10 0.41 3.87 
   

1.00 0.00 

24 0.11 0.25 2.01 0.10 0.90 
   

23 0.11 0.20 1.55 
 

0.78 
  

0.22 

22 0.12 0.19 1.46 0.08 0.68 
  

0.24 

… … … … … … … … … 

5 0.23 0.25 1.02 0.02 0.35 0.56 
 

0.07 

4 0.27 0.29 0.99 
 

0.37 0.48 0.15 
 

3 0.27 0.28 0.98 
 

0.37 0.47 0.15 0.02 

2 0.28 0.29 0.96 0.06 0.34 0.44 0.17 
 

1 0.28 0.28 0.92 0.06 0.33 0.42 0.16 0.04 
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Table 6 cont’d. 
 

Rank 
Sharpe 

Ratio 

Return 

(%) 

Std. 

Dev. (%) 

Optimal Weights 

erM SMB HML WML BMG* 
 

 

   
     

Panel E. North America 
         

26 0.02 0.05 2.21 
 

1.00 0.00 
  

25 0.02 0.05 2.16 
 

0.98 0.00 0.02 
 

24 0.02 0.05 2.21 
 

1.00 
 

0.00 
 

23 0.02 0.01 4.45 
  

0.00 1.00 
 

22 0.06 0.19 2.85 
  

0.01 
 

0.99 

… … … … … … … … … 

5 0.12 0.45 3.48 0.63 
   

0.37 

4 0.13 0.36 2.63 0.50 0.00 0.00 0.19 0.31 

3 0.13 0.36 2.67 0.51 0.00 
 

0.19 0.31 

2 0.13 0.36 2.66 0.51 
 

0.00 0.19 0.31 

1 0.13 0.36 2.66 0.50 
  

0.19 0.31 
         

 

This table shows the maximum ex post Sharpe ratios by combining the 4F and the reverse BMG* factors for the 

sample period from January 2008 to December 2015. The factor weightings in each row achieve the maximum 

Sharpe ratio. For each sample, we report only the 5 worst and best cases according to the max. Sharpe ratio. In 

Panels A, B, C, and E, the factors erM, SMB, HML, and WML are provided by Kenneth French. In Panel D, they 

are from AQR Capital Management. 
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Table 7 

CRS-decile portfolio performance 
 

  Excess  Carhart 4F model  5F model incl. BMG   

  return  Alpha erM SMB HML WML 
Adj. R2 

(%)  Alpha erM SMB HML WML BMG 
Adj. R2 

(%) 
 

∆Adj. R² 

(%) 

                    
 

Low CRS  0.007  0.004*** 1.044*** -0.251** 0.261*** -0.229*** 94.69  0.003** 1.043*** -0.122 0.161** -0.199*** -0.439*** 96.44  1.75*** 

  (0.11)  (2.78) (33.60) (-2.52) (2.81) (-5.45)   (2.20) (40.98) (-1.46) (2.07) (-5.73) (-6.76)    

2  0.010  0.007*** 0.972*** -0.191** 0.030 -0.189*** 95.25  0.006*** 0.971*** -0.114 -0.029 -0.171*** -0.259*** 95.98  0.72*** 

  (0.17)  (5.23) (36.84) (-2.25) (0.38) (-5.28)   (4.89) (39.98) (-1.43) (-0.39) (-5.16) (-4.17)    

3  0.009  0.006*** 0.915*** -0.075 0.125* -0.105*** 95.14  0.005*** 0.914*** -0.031 0.091 -0.094*** -0.149** 95.39  0.25** 

  (0.17)  (4.76) (37.10) (-0.95) (1.70) (-3.13)   (4.40) (38.06) (-0.40) (1.25) (-2.88) (-2.43)    

4  0.009  0.006*** 0.767*** -0.393*** 0.020 0.052 92.63  0.006*** 0.767*** -0.358*** -0.007 0.060* -0.120* 92.86  0.23* 

  (0.23)  (5.63) (31.64) (-5.06) (0.28) (1.59)   (5.30) (32.12) (-4.55) (-0.10) (1.85) (-1.97)    

5  0.010  0.006*** 0.856*** -0.176* -0.241*** 0.069* 90.56  0.006*** 0.857*** -0.196** -0.225** 0.065 0.068 90.54  -0.02 

  (0.21)  (4.16) (28.60) (-1.83) (-2.69) (1.71)   (4.25) (28.57) (-1.99) (-2.47) (1.58) (0.89)    

6  0.009  0.005*** 0.945*** 0.008 -0.014 0.046 95.77  0.005*** 0.945*** -0.008 -0.001 0.042 0.057 95.77  0.00 

  (0.18)  (4.77) (42.68) (0.12) (-0.21) (1.52)   (4.87) (42.69) (-0.12) (-0.01) (1.38) (1.01)    

7  0.007  0.003* 0.983*** -0.229** 0.013 0.060 90.37  0.004*** 0.984*** -0.361*** 0.114 0.029 0.446*** 92.83  2.46*** 

  (0.13)  (1.77) (27.51) (-2.00) (0.12) (1.23)   (2.98) (31.93) (-3.55) (1.22) (0.69) (5.68)    

8  0.004  0.000 1.031*** 0.166 -0.079 -0.006 87.45  0.003** 1.034*** -0.097 0.124 -0.068** 0.891*** 96.07  8.62*** 

  (0.07)  (-0.15) (23.40) (1.17) (-0.60) (-0.11)   (2.13) (41.93) (-1.19) (1.65) (-2.01) (14.17)    

9  0.005  0.001 0.947*** 0.137 -0.269** 0.005 86.99  0.004*** 0.950*** -0.124** -0.067 -0.056** 0.888*** 97.48  10.49*** 

  (0.10)  (0.69) (23.35) (1.06) (-2.22) (0.10)   (4.84) (53.26) (-2.11) (-1.23) (-2.29) (19.51)    

High CRS  0.007  0.002 1.007*** 0.524*** -0.290* -0.142* 80.80  0.006*** 1.011*** 0.164* -0.010 -0.227*** 1.226*** 95.38  14.58*** 

  (0.11)  (0.90) (17.46) (2.84) (-1.68) (-1.82)   (4.69) (35.71) (1.76) (-0.12) (-5.87) (16.97)    
 

 

This table shows mean monthly excess returns, alpha performance, and beta coeffients for annually rebalanced decile-portfolios based on the carbon risk score (CRS) of the stocks 

in the global training sample for the sample period from January 2008 to December 2015. *, **, *** denote significance on the 10%, 5%, and 1% level respectively. For excess 

returns, alphas, and beta coefficients, significance statistics are based on two-sided t-tests. For ∆Adj. R², significance statistics are based on the one-sided F-test for nested models 

(H0: βp5=0). 
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Table 8 

Characteristics of CRS-decile portfolios 
      

Decile Median CRS 
Median std. 

CO2e emissions 

Median market value 

(million US$) 

Median 

employees 

Median  

Tobin's Q 
      

Low CRS 0.40 0.01 18,494.77 47,400 1.55 

2 0.70 0.01 8,635.57 18,800 1.64 

3 1.00 0.01 8,868.58 18,397 1.85 

4 1.40 0.03 8,927.85 26,000 1.99 

5 1.60 0.04 6,202.07 19,000 1.99 

6 1.80 0.04 4,859.73 14,060 1.88 

7 2.20 0.11 6,439.81 17,177 1.73 

8 2.40 0.33 6,578.03 16,167 1.48 

9 2.70 0.41 4,781.90 10,698 1.49 

High CRS 3.20 0.51 3,525.39 6,284 1.50 
      

      

This table shows median firm characteristics for annually rebalanced decile-portfolios based on the carbon risk 

score (CRS) of the stocks in the global training sample for the sample period from January 2008 to December 

2015. 
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Table 9 

US industry portfolio performance 
 

 5F model incl. BMG   

 Alpha erM SMB HML WML BMG 
Adj. R2 

(%) 
 

∆Adj. R² 

(%) 
          

Food products 0.004* 0.687*** -0.202** -0.092 0.018 -0.021 67.96%  -0.33% 

 (1.70) (12.98) (-2.02) (-1.01) (0.39) (-0.24)    

Beer and liquor 0.007** 0.629*** -0.436*** 0.022 0.166*** -0.046 48.61%  -0.47% 

 (2.46) (9.19) (-3.39) (0.19) (2.75) (-0.41)    

Tobacco products 0.008** 0.805*** -0.509*** -0.093 0.059 0.138 41.53%  -0.17% 

 (2.06) (8.21) (-2.76) (-0.55) (0.68) (0.86)    

Recreation -0.002 1.358*** 0.473** -0.157 -0.385*** -0.141 79.46%  -0.06% 

 (-0.41) (13.35) (2.47) (-0.90) (-4.29) (-0.84)    

Printing and publishing -0.005 1.187*** 0.497*** 0.096 -0.259*** -0.040 79.83%  -0.20% 

 (-1.38) (13.44) (2.99) (0.63) (-3.32) (-0.28)    

Consumer goods 0.002 0.667*** -0.265** 0.243** 0.050 -0.163 61.25%  0.49% 

 (0.73) (9.83) (-2.08) (2.09) (0.84) (-1.47)    

Apparel 0.007 0.925*** 0.297 0.036 -0.100 -0.430** 65.72%  2.21%** 

 (1.61) (9.24) (1.57) (0.21) (-1.14) (-2.62)    

Healthcare and medical 0.006** 0.746*** -0.013 -0.175* 0.113** -0.202** 67.95%  1.14%** 
   equipment (2.27) (12.48) (-0.12) (-1.71) (2.14) (-2.06)    

Chemicals 0.000 1.373*** 0.102 -0.076 -0.198*** 0.516*** 85.45%  3.12%*** 

 (-0.01) (19.79) (0.78) (-0.64) (-3.23) (4.53)    

Textiles 0.007 1.323*** 0.869*** 0.684** -0.405*** -0.384 71.33%  0.40% 

 (1.14) (8.50) (2.97) (2.57) (-2.94) (-1.51)    

Construction -0.003 1.231*** 0.756*** 0.251* -0.069 0.078 85.33%  -0.10% 

 (-1.08) (16.65) (5.43) (1.98) (-1.05) (0.64)    

Steel works -0.016*** 1.608*** 0.645*** -0.121 -0.219** 0.439** 77.36%  1.14%** 

 (-3.48) (14.16) (3.02) (-0.62) (-2.18) (2.36)    

Fabricated products -0.005 1.464*** 0.576*** -0.126 -0.162*** 0.513*** 87.89%  2.57%*** 

 (-1.63) (21.06) (4.40) (-1.06) (-2.64) (4.51)    

Electrical equipment -0.004 1.274*** 0.609*** -0.019 -0.090 0.248** 84.03%  0.57%** 

 (-1.45) (17.34) (4.40) (-0.15) (-1.39) (2.06)    

Automobiles and trucks -0.003 1.404*** 0.655*** -0.129 -0.524*** 0.177 76.07%  -0.05% 

 (-0.51) (11.74) (2.91) (-0.63) (-4.96) (0.90)    

Aircraft, ships and railroad 0.001 1.110*** 0.042 -0.025 -0.160*** 0.046 81.22%  -0.17% 

 (0.40) (16.16) (0.32) (-0.21) (-2.63) (0.41)    

Precious metals, non-metals -0.011* 1.438*** -0.153 -0.433 -0.282* 0.882*** 49.46%  5.30%*** 
   and mining (-1.66) (8.67) (-0.49) (-1.53) (-1.93) (3.25)    

Coal -0.031*** 1.592*** 0.968* -0.379 -0.555** 1.911*** 37.93%  10.88%*** 

 (-2.67) (5.62) (1.81) (-0.78) (-2.22) (4.12)    

Petroleum and natural gas -0.006* 1.156*** -0.068 0.055 -0.029 1.026*** 72.24%  17.24%*** 

 (-1.70) (14.01) (-0.44) (0.39) (-0.39) (7.58)    

Utilities 0.000 0.724*** -0.125 -0.095 0.093 0.550*** 58.21%  11.71%*** 

 (-0.05) (11.11) (-1.02) (-0.85) (1.61) (5.15)    

Communication 0.002 1.012*** -0.104 -0.103 0.038 0.060 82.54%  -0.10% 

 (0.81) (19.09) (-1.04) (-1.13) (0.82) (0.70)    

Personal and business  0.001 1.049*** -0.003 -0.377*** -0.008 -0.161** 89.69%  0.50%** 
   services (0.71) (24.86) (-0.04) (-5.23) (-0.21) (-2.33)    

Business equipment -0.001 1.146*** 0.176 -0.385*** -0.064 -0.196** 86.05%  0.51%** 

 (-0.42) (19.88) (1.62) (-3.90) (-1.25) (-2.08)    

Business supplies and   0.002 1.011*** 0.166 0.153 -0.108** 0.092 85.14%  0.00% 
   shipping (0.72) (17.99) (1.56) (1.59) (-2.17) (0.99)    
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Table 9 cont’d. 
 

 5F model incl. BMG   

 Alpha erM SMB HML WML BMG 
Adj. R2 

(%) 
 

∆Adj. R² 

(%) 
 

Transportation 0.004 0.979*** 0.117 0.415*** 0.026 0.263** 79.87%  1.19%** 

 (1.54) (15.39) (0.97) (3.81) (0.46) (2.53)    

Wholesale 0.002 0.883*** 0.433*** -0.104 -0.120*** -0.022 88.83%  -0.11% 

 (1.25) (20.28) (5.28) (-1.40) (-3.11) (-0.30)    

Retail 0.006** 0.772*** 0.046 -0.029 0.078 -0.350*** 74.71%  3.43%*** 

 (2.32) (13.20) (0.41) (-0.29) (1.51) (-3.65)    

Restaurants, hotels, motels 0.006** 0.749*** 0.052 -0.050 0.012 -0.169* 70.92%  0.62%* 

 (2.61) (12.42) (0.46) (-0.48) (0.23) (-1.71)    

Banking, insurance, RE -0.002 1.058*** -0.090 0.601*** -0.084** -0.342*** 92.20%  1.56%*** 

 (-1.04) (22.20) (-1.01) (7.37) (-2.00) (-4.38)    

Everything else -0.001 1.024*** -0.220 0.547*** -0.079 -0.125 81.08%  0.03% 

 (-0.40) (14.41) (-1.64) (4.49) (-1.26) (-1.08)    
 

 

This table shows alpha performance and beta coeffients for the excess returns of 30 industry portfolios obtained 

from Kenneth French’s data library for the sample period from January 2008 to December 2015. ∆Adj. R² is the 

difference between the Carhart (1997) 4F model and the 5F model including BMG. *, **, *** denote significance 

on the 10%, 5%, and 1% level, respectively. For alphas and beta coefficients, significance statistics are based on 

two-sided t-tests. For ∆Adj. R², significance statistics are based on the one-sided F-test for  nested models (H0: 

βp5=0). 
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Table 10 

Comparison of common regression models 
  

 (1) (2) (3) 

  Carhart - 5F BMG FF - Carhart Carhart - 5F PS 
    

Panel A. Global    
    

Coeff. of Determination    

Avg. adj. R² (%) M1 14.79 14.39 14.79 

Avg. adj. R² (%) M2 15.46 14.79 15.09 

Avg. ∆adj. R² (%) 0.67 0.40 0.30 
 

   

F-test 
   

Sign.-level 10% (%) 18.72 16.24 14.18 

Sign.-level 5% (%) 12.44 10.05 8.12 

Sign.-level 1% (%) 5.40 3.46 2.39 
 

   

Panel B. USA    
 

   

Coeff. of Determination    

Avg. adj. R² (%) M1 11.89 11.06 11.89 

Avg. adj. R² (%) M2 12.68 11.89 12.00 

Avg. ∆ adj. R² (%) 0.78 0.83 0.11 
 

   

F-test    

Sign.-level 10% (%) 17.18 19.53 13.26 

Sign.-level 5% (%) 11.07 13.53 7.69 

Sign.-level 1% (%) 4.47 6.63 2.49 
 

   

Panel C. Europe    
 

   

Coeff. of Determination    

Avg. adj. R² (%) M1 33.35 32.90  

Avg. adj. R² (%) M2 34.08 33.35  

Avg. ∆adj. R² (%) 0.73 0.45  
 

   

F-test    

Sign.-level 10% (%) 20.60 18.38  

Sign.-level 5% (%) 13.24 10.73  

Sign.-level 1% (%) 6.43 3.18  
 

   

Panel D. Asia/Pacific    
 

   

Coeff. of Determination    

Avg. adj. R² (%) M1 15.79 15.47  

Avg. adj. R² (%) M2 16.52 15.79  

Avg. ∆adj. R² (%) 0.74 0.31  
 

   

F-test    

Sign.-level 10% (%) 21.54 15.39  

Sign.-level 5% (%) 14.20 8.81  

Sign.-level 1% (%) 5.55 2.22  
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Table 10 cont’d. 
 

 (1) (2) (3) 

  Carhart - 5F BMG FF - Carhart Carhart - 5F PS 
    

Panel E. North America    
    

Coeff. of Determination    

Avg. adj. R² (%) M1 12.45 11.95 12.45 

Avg. adj. R² (%) M2 13.61 12.45 12.56 

Avg. ∆adj. R² (%) 1.16 0.49 0.11 
 

   

F-test    

Sign.-level 10% (%) 21.94 16.83 13.18 

Sign.-level 5% (%) 15.41 10.95 7.77 

Sign.-level 1% (%) 7.58 4.64 2.47 
 

   

 
   

This table reports the average adj. R2, ∆adj. R2 and significance tests for ∆adj. R2 for different comparisons 

between factor models run on single stocks from the validation sample in the sample period from January 2008 

to December 2015. M1 stands for the first model and M2 for the second model named in the respective column. 

Significance statistics are based on the one-sided F-test for nested models (H0: βp5=0). 
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Table 11 

Significance tests for risk factor betas for the 5F BMG model 
 

  T-test of significance of coefficients 

 
Avg. 

Coef. 

10% level  5% level  1% level 
 # %  # %  # % 

 

Panel A. Global 
 

erM 0.820 18,455 68.06   16,833 62.08   13,859 51.11 

SMB 0.596 5,390 19.88   3,496 12.89   1,301 4.80 

HML -0.040 3,804 14.03   2,088 7.70   478 1.76 

WML -0.090 4,707 17.36   2,974 10.97   1,031 3.80 

BMG 0.143 5,189 19.14   3,465 12.78   1,507 5.56 
 

Panel B. USA 
 

erM 0.713 3,705 43.97   3,178 37.71   2,431 28.85 

SMB 0.335 1,881 22.32   1,303 15.46   588 6.98 

HML -0.147 1,526 18.11   999 11.85   439 5.21 

WML -0.178 1,755 20.83   1,210 14.36   610 7.24 

BMG 0.043 1,499 17.79   967 11.48   396 4.70 
 

Panel C. Europe 
 

erM 0.921 2,797 89.88   2,718 87.34   2,533 81.39 

SMB 0.595 1,188 38.17   911 29.27   480 15.42 

HML 0.048 609 19.57   386 12.40   158 5.08 

WML -0.024 567 18.22   346 11.12   100 3.21 

BMG 0.032 652 20.95   421 13.53   206 6.62 
          

Panel D. Asia/Pacific 
          

erM 0.834 11,124 78.95   10,248 72.73   8,266 58.67 

SMB 0.454 3,417 24.25   2,217 15.73   838 5.95 

HML 0.045 1,925 13.66   1,089 7.73   273 1.94 

WML -0.104 2,150 15.26   1,237 8.78   315 2.24 

BMG 0.162 3,091 21.94   2,045 14.51   801 5.68 
 

Panel E. North America 
          

erM 0.728 4,295 47.55   3,765 41.68   2,933 32.47 

SMB 0.384 2,041 22.59   1,362 15.08   593 6.56 

HML -0.049 1,513 16.75   913 10.11   323 3.58 

WML -0.126 1,631 18.06   1,083 11.99   464 5.14 

BMG 0.116 2,030 22.47   1,435 15.89   704 7.79 
 

This table shows average coefficients as well as the absolute (#) and relative (%) numbers of statistically 

significant beta coefficients from 5F model regressions run on single stocks from the validation sample in the 

sample period from January 2008 to December 2015. Statistical significance is based on two-sided t-tests. In 

Panels A, B, C, and E, the factors erM, SMB, HML, and WML are provided by Kenneth French. In Panel D, they 

are from AQR Capital Management. 
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Table 12 

Asset pricing tests 
  

Factor Model mean α 
GRS Test 

statistic 
p-value 

mean 

adj. R² 
mean |α| SR SR² 

  

Panel A. 5x5 Size/Value Portfolios 
  

CAPM 0.0004 1.461 0.110 0.926 0.001 0.724 0.525 

CAPM + BMG 0.0006 1.595 0.066 0.929 0.002 0.768 0.589 

FF 0.0001 1.812 0.028 0.975 0.001 0.823 0.677 

FF + BMG 0.0001 1.905 0.019 0.976 0.001 0.860 0.740 

4F 0.0001 1.947 0.016 0.976 0.001 0.862 0.743 

4F+  BMG 0.0002 2.012 0.013 0.977 0.001 0.896 0.802 

FF* 0.0001 2.011 0.012 0.968 0.001 0.863 0.745 

FF* + BMG 0.0001 2.110 0.008 0.969 0.001 0.900 0.809 

4F* 0.0000 1.844 0.025 0.971 0.001 0.846 0.715 

4F* + BMG 0.0000 1.953 0.016 0.972 0.001 0.886 0.784 

5F 0.0003 1.077 0.392 0.976 0.001 0.719 0.516 

5F + BMG 0.0003 1.075 0.395 0.977 0.001 0.735 0.541 

6F 0.0002 1.250 0.234 0.977 0.001 0.783 0.614 

6F + BMG 0.0003 1.241 0.241 0.978 0.001 0.798 0.637 
  

Panel B. 5x5 Size/Momentum Portfolios 
  

CAPM 0.0010 3.607 0.000 0.887 0.002 1.138 1.295 

CAPM + BMG 0.0011 3.481 0.000 0.891 0.003 1.134 1.286 

FF 0.0007 4.136 0.000 0.926 0.002 1.243 1.544 

FF + BMG 0.0007 3.911 0.000 0.927 0.002 1.233 1.519 

4F 0.0009 4.032 0.000 0.973 0.002 1.241 1.539 

4F+  BMG 0.0009 3.787 0.000 0.974 0.002 1.229 1.510 

FF* 0.0006 3.562 0.000 0.958 0.002 1.149 1.320 

FF* + BMG 0.0007 3.401 0.000 0.959 0.002 1.142 1.304 

4F* 0.0006 3.333 0.000 0.973 0.002 1.137 1.293 

4F* + BMG 0.0007 3.179 0.000 0.974 0.001 1.130 1.277 

5F 0.0010 3.181 0.000 0.936 0.002 1.235 1.524 

5F + BMG 0.0009 2.986 0.000 0.938 0.002 1.226 1.503 

6F 0.0008 3.086 0.000 0.974 0.001 1.231 1.515 

6F + BMG 0.0009 2.929 0.000 0.975 0.001 1.226 1.502 
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Table 12 cont’d. 
  

Factor Model mean α 
GRS Test 

statistic 
p-value 

mean 

adj. R² 
mean |α| SR SR² 

 
       

Panel C. 5x5 Size/Operating Profitability Portfolios 
 

CAPM 0.0011 1.974 0.014 0.934 0.002 0.842 0.709 

CAPM + BMG 0.0013 1.921 0.018 0.937 0.002 0.842 0.710 

FF 0.0009 2.315 0.003 0.972 0.002 0.930 0.864 

FF + BMG 0.0009 2.159 0.007 0.973 0.002 0.916 0.839 

4F 0.0009 2.259 0.004 0.972 0.002 0.928 0.862 

4F+  BMG 0.0009 2.088 0.009 0.973 0.002 0.913 0.833 

FF* 0.0008 1.917 0.018 0.970 0.002 0.843 0.710 

FF* + BMG 0.0007 1.838 0.025 0.972 0.002 0.840 0.705 

4F* 0.0006 1.765 0.034 0.971 0.002 0.827 0.685 

4F* + BMG 0.0006 1.688 0.047 0.972 0.002 0.823 0.678 

5F 0.0007 1.676 0.050 0.976 0.001 0.896 0.803 

5F + BMG 0.0007 1.521 0.091 0.977 0.001 0.875 0.765 

6F 0.0007 1.675 0.050 0.977 0.001 0.907 0.823 

6F + BMG 0.0007 1.541 0.085 0.978 0.001 0.889 0.790 
  

Panel D. 5x5 Size/Investment Portfolios 
  

CAPM 0.0008 1.955 0.015 0.932 0.001 0.838 0.702 

CAPM + BMG 0.0010 1.897 0.019 0.934 0.001 0.837 0.701 

FF 0.0006 2.597 0.001 0.971 0.002 0.985 0.970 

FF + BMG 0.0006 2.613 0.001 0.972 0.001 1.007 1.015 

4F 0.0006 2.526 0.001 0.972 0.002 0.982 0.964 

4F+  BMG 0.0006 2.532 0.001 0.973 0.001 1.005 1.010 

FF* 0.0005 1.996 0.013 0.967 0.001 0.860 0.739 

FF* + BMG 0.0004 1.917 0.018 0.969 0.001 0.857 0.735 

4F* 0.0003 1.826 0.027 0.970 0.001 0.842 0.708 

4F* + BMG 0.0003 1.758 0.036 0.971 0.001 0.840 0.706 

5F 0.0005 1.907 0.019 0.978 0.001 0.956 0.914 

5F + BMG 0.0005 1.742 0.039 0.979 0.001 0.936 0.877 

6F 0.0005 1.863 0.024 0.979 0.001 0.956 0.915 

6F + BMG 0.0005 1.725 0.042 0.979 0.001 0.941 0.885 
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Table 12 cont’d. 
  

Factor Model mean α 
GRS Test 

statistic 
p-value 

mean 

adj. R² 
mean |α| SR SR² 

 
       

Panel E. 11 MSCI Sector Portfolios (GICS) 
 

       

CAPM 0.0003 1.782 0.070 0.778 0.003 0.484 0.235 

CAPM + BMG 0.0004 1.760 0.074 0.807 0.003 0.488 0.238 

FF 0.0003 1.853 0.058 0.789 0.003 0.502 0.252 

FF + BMG 0.0005 1.746 0.078 0.819 0.002 0.497 0.247 

4F 0.0004 1.783 0.071 0.798 0.003 0.498 0.248 

4F+  BMG 0.0006 1.627 0.107 0.827 0.002 0.485 0.236 

FF* 0.0004 2.181 0.023 0.799 0.003 0.543 0.295 

FF* + BMG 0.0006 2.024 0.036 0.828 0.002 0.532 0.283 

4F* 0.0003 2.095 0.030 0.799 0.003 0.544 0.296 

4F* + BMG 0.0005 1.973 0.042 0.828 0.003 0.536 0.288 

5F -0.0003 1.417 0.182 0.803 0.003 0.496 0.246 

5F + BMG -0.0002 1.260 0.263 0.832 0.002 0.479 0.230 

6F -0.0004 1.346 0.216 0.809 0.003 0.489 0.239 

6F + BMG -0.0002 1.220 0.288 0.836 0.002 0.475 0.226 
  

Panel F. 24 MSCI Industry Group Portfolios (GICS) 
  

CAPM 0.0015 1.345 0.169 0.751 0.003 0.676 0.457 

CAPM + BMG 0.0010 1.306 0.194 0.775 0.003 0.676 0.457 

FF 0.0016 1.406 0.138 0.764 0.003 0.705 0.497 

FF + BMG 0.0010 1.326 0.182 0.787 0.003 0.698 0.487 

4F 0.0018 1.442 0.121 0.771 0.003 0.722 0.521 

4F+  BMG 0.0012 1.323 0.185 0.794 0.002 0.706 0.499 

FF* 0.0016 1.664 0.053 0.772 0.003 0.764 0.583 

FF* + BMG 0.0012 1.561 0.079 0.793 0.003 0.752 0.566 

4F* 0.0016 1.526 0.089 0.772 0.003 0.748 0.560 

4F* + BMG 0.0012 1.432 0.127 0.793 0.003 0.738 0.544 

5F 0.0014 1.239 0.243 0.776 0.003 0.749 0.561 

5F + BMG 0.0007 1.133 0.336 0.799 0.002 0.734 0.539 

6F 0.0012 1.266 0.224 0.781 0.003 0.767 0.588 

6F + BMG 0.0006 1.159 0.312 0.803 0.002 0.750 0.562 
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Table 12 cont’d. 
  

Factor Model mean α 
GRS Test 

statistic 
p-value 

mean 

adj. R² 
mean |α| SR SR² 

 
       

Panel G. 68 MSCI Industries Portfolios (GICS) 
 

       

CAPM 0.0011 7.728 0.000 0.644 0.004 4.205 17.683 

CAPM + BMG 0.0008 8.848 0.000 0.664 0.004 4.611 21.266 

FF 0.0011 8.310 0.000 0.658 0.004 4.542 20.625 

FF + BMG 0.0007 8.779 0.000 0.677 0.004 4.816 23.197 

4F 0.0013 8.589 0.000 0.667 0.004 4.723 22.303 

4F+  BMG 0.0008 8.610 0.000 0.685 0.004 4.892 23.928 

FF* 0.0012 6.965 0.000 0.667 0.004 4.142 17.157 

FF* + BMG 0.0009 6.891 0.000 0.684 0.004 4.240 17.980 

4F* 0.0011 6.984 0.000 0.667 0.004 4.293 18.427 

4F* + BMG 0.0008 7.098 0.000 0.684 0.004 4.457 19.868 

5F 0.0008 5.889 0.000 0.671 0.004 4.435 19.668 

5F + BMG 0.0002 6.260 0.000 0.690 0.003 4.746 22.523 

6F 0.0006 7.140 0.000 0.678 0.004 5.007 25.072 

6F + BMG 0.0001 6.734 0.000 0.695 0.003 5.037 25.373 
  

Panel H. 11 FTSE Industry Portfolios (ICB) 
  

CAPM -0.0003 2.163 0.028 0.818 0.004 0.506 0.256 

CAPM + BMG 0.0001 2.134 0.030 0.851 0.003 0.509 0.259 

FF -0.0004 2.244 0.023 0.826 0.004 0.524 0.275 

FF + BMG 0.0001 2.099 0.034 0.859 0.003 0.516 0.266 

4F -0.0003 2.155 0.029 0.832 0.004 0.519 0.269 

4F+  BMG 0.0002 1.973 0.047 0.865 0.003 0.506 0.256 

FF* -0.0002 2.600 0.009 0.832 0.004 0.562 0.316 

FF* + BMG 0.0002 2.489 0.012 0.864 0.003 0.559 0.312 

4F* -0.0001 2.427 0.014 0.831 0.004 0.555 0.308 

4F* + BMG 0.0003 2.332 0.018 0.864 0.003 0.552 0.305 

5F -0.0010 1.950 0.050 0.839 0.004 0.552 0.304 

5F + BMG -0.0005 1.914 0.055 0.869 0.003 0.559 0.313 

6F -0.0011 1.977 0.047 0.843 0.004 0.562 0.315 

6F + BMG -0.0006 1.978 0.047 0.871 0.003 0.573 0.329 
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Table 12 cont’d. 
  

Factor Model mean α 
GRS Test 

statistic 
p-value 

mean 

adj. R² 
mean |α| SR SR² 

 
       

Panel I. 34 FTSE Sector Portfolios (ICB) 
 

       

CAPM -0.0010 39.533 0.000 0.757 0.005 4.707 22.154 

CAPM + BMG -0.0008 14.089 0.000 0.780 0.005 2.853 8.141 

FF -0.0010 24.490 0.000 0.769 0.005 3.785 14.329 

FF + BMG -0.0007 15.843 0.000 0.791 0.004 3.109 9.668 

4F -0.0008 13.258 0.000 0.775 0.005 2.820 7.950 

4F+  BMG -0.0006 11.518 0.000 0.796 0.004 2.689 7.232 

FF* -0.0010 20.241 0.000 0.775 0.005 3.428 11.754 

FF* + BMG -0.0007 18.741 0.000 0.797 0.005 3.360 11.292 

4F* -0.0008 29.432 0.000 0.775 0.005 4.235 17.934 

4F* + BMG -0.0005 36.159 0.000 0.796 0.004 4.782 22.866 

5F -0.0007 21.405 0.000 0.781 0.004 4.019 16.152 

5F + BMG -0.0006 20.943 0.000 0.802 0.003 4.079 16.636 

6F -0.0010 30.055 0.000 0.785 0.004 4.827 23.298 

6F + BMG -0.0007 33.734 0.000 0.804 0.003 5.233 27.382 
 

       

  

This table shows the results of various asset pricing tests on nine different global test assets. We include 25 

Global Portfolios formed on Size/Book-to-Market, Size/Momentum, Size/Operating Profitability and 

Size/Investment from the Kenneth French Data Library. Furthermore, we include three MSCI Industry Portfolios 

based on the Global Industry Classification Standard (GICS) with portfolios containing 11 sectors, 24 industry 

groups, and 68 industries and two FTSE Industry Portfolios based on the Industry Classification Benchmark 

(ICB) with portfolios containing 10 industries and 34 sectors. Comparing the model with and without the BMG 

factor, we show the better fitted model according to the GRS test in bold. The sample period ranges from January 

2008 to December 2015. 
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Table 13 

Fama and MacBeth tests 
         

Window N Const. erM,t SMB HML WML BMG R² (%) 
         

Panel A. Global 
         

a. With industry dummies 
         

12 85 1.273*** 0.150* 0.010 -0.005 -0.048 -0.043* 4.27 
  (5.57) (2.40) (0.91) (-0.26) (-0.85) (-2.13)  

24 73 1.362*** 0.251*** 0.006 -0.025 0.004 -0.085*** 5.55 
  (13.35) (3.62) (0.70) (-1.48) (0.07) (-4.38)  

36 61 1.283*** 0.263*** 0.027* -0.018 0.081 -0.100*** 6.24 
  (25.93) (4.50) (2.18) (-1.11) (1.49) (-4.52)  
         

b. With country dummies 
         

12 85 1.310** 0.182** 0.032** 0.011 -0.077 -0.044** 10.32 
  (3.00) (2.99) (3.05) (0.64) (-1.36) (-2.76)  

24 73 1.442*** 0.258*** 0.036*** 0.016 -0.048 -0.071*** 11.33 
  (4.88) (3.59) (4.04) (1.05) (-0.83) (-4.90)  

36 61 1.139*** 0.262*** 0.044*** 0.018 0.014 -0.089*** 11.88 
  (6.97) (3.94) (3.65) (1.34) (0.29) (-5.08)  
         

Panel B. USA (with industry dummies) 
         

12 85 1.937*** 0.167*** 0.035* 0.052 -0.194* -0.087*** 4.95 
  (6.24) (3.44) (2.59) (1.69) (-2.09) (-4.12)  

24 73 2.152*** 0.224*** 0.042** 0.083** -0.190* -0.095*** 5.55 
  (16.73) (3.66) (2.98) (3.00) (-2.14) (-4.76)  

36 61 2.058*** 0.242*** 0.056*** 0.096*** -0.129 -0.094*** 5.80 
  (23.41) (3.98) (4.10) (3.93) (-1.66) (-5.70)  
         

Panel C. Europe 
         

a. With industry dummies 
         

12 85 0.859** 0.367** 0.019 0.014 0.013 0.010 9.17 
  (2.93) (3.38) (0.91) (0.37) (0.13) (0.35)  

24 73 0.985*** 0.451*** 0.068** -0.075 0.264* -0.028 13.87 
  (6.40) (3.78) (2.88) (-1.63) (2.62) (-0.73)  

36 61 0.922*** 0.476*** 0.086** -0.171*** 0.483*** -0.054 16.36 
  (9.50) (5.24) (2.86) (-5.13) (6.03) (-1.15)  
         

b. With country dummies 
         

12 85 0.252 0.449*** 0.011 0.008 0.059 0.012 15.98 

  (1.03) (4.28) (0.57) (0.24) (0.68) (0.32)  

24 73 0.306* 0.610*** 0.053** -0.052 0.260** -0.018 20.53 

  (2.39) (5.13) (2.92) (-1.44) (2.94) (-0.36)  

36 61 0.223** 0.681*** 0.075** -0.135*** 0.442*** -0.047 23.12 

  (2.77) (6.75) (3.27) (-5.62) (6.14) (-0.81)  
         

 

  



64 

 

Table 13 cont’d. 
 

Window N Const. erM,t SMB HML WML BMG R² (%) 
         

Panel D. Asia/Pacific 
         

a. With industry dummies 
         

12 85 1.166*** 0.039 0.096** -0.039* 0.055 0.035 7.63 
  (5.59) (0.60) (2.75) (-2.15) (0.97) (0.99)  

24 73 1.230*** 0.133* 0.085*** -0.093*** 0.152* 0.064 7.91 
  (11.98) (2.10) (4.70) (-4.19) (2.12) (1.65)  

36 61 1.151*** 0.119* 0.131*** -0.133*** 0.209** 0.080* 8.71 
  (22.10) (2.45) (6.26) (-6.79) (2.86) (2.18)  
         

b. With country dummies 
         

12 85 1.391*** 0.049 0.084*** -0.046* 0.044 0.003 18.33 

  (4.92) (0.80) (5.43) (-2.38) (0.81) (0.13)  

24 73 1.521*** 0.090 0.078*** -0.091*** 0.166** -0.018 17.21 

  (12.19) (1.55) (5.97) (-4.23) (2.89) (-0.70)  

36 61 1.494*** 0.070 0.084*** -0.133*** 0.251*** -0.021 15.94 

  (25.92) (1.48) (6.29) (-8.17) (4.68) (-0.73)  
 

Panel E. North America 
         

a. With industry dummies 
         

12 85 1.837*** 0.172** 0.042** 0.025 -0.117 -0.072*** 5.02 

  (6.04) (3.22) (3.24) (1.00) (-1.69) (-4.70)  

24 73 2.046*** 0.222** 0.037** 0.053* -0.090 -0.080*** 5.87 

  (16.17) (3.38) (3.01) (2.31) (-1.32) (-5.51)  

36 61 1.954*** 0.241*** 0.043** 0.071** -0.024 -0.105*** 6.35 

  (24.38) (3.73) (3.05) (3.44) (-0.39) (-7.94)  
         

b. With country dummies 
         

12 85 0.957*** 0.181** 0.050** 0.014 -0.104 -0.054** 3.13 

  (3.66) (3.12) (3.31) (0.54) (-1.59) (-3.16)  

24 73 1.171*** 0.269*** 0.052** 0.042 -0.109 -0.066*** 3.57 

  (9.40) (3.64) (3.20) (1.93) (-1.69) (-4.39)  

36 61 1.147*** 0.285*** 0.057** 0.058** -0.070 -0.088*** 4.10 

  (16.29) (3.85) (2.74) (2.76) (-1.25) (-6.83)  
 

 

This table shows the results of monthly cross-sectional Fama and MacBeth (1973) regressions explaining the 

mean excess returns of the stocks from the validation sample with respective risk factor betas calculated for 

overlapping 12, 24, and 36 monthly rolling windows in the sample period from January 2008 to December 

2015. Cross-sectional average coefficients are denoted in percent. Industry dummies are based on global 

industrial classification system (GICS) codes. *, **, *** denote statistical significance on the 10%, 5%, and 

1% level, respectively, based on Newey and West (1987) standard errors. 
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Table 14 

Statistics for alternative CRS constructions 
 

 Description 
Weight pure 

CO2e Score 

Mean  

∆R2 

Mean  

∆adj. R2 

Best case 0.9 CO2e Score  + 0.1 Σ further E Scores  47.37% 0.0269 0.0180 

Top 2 0.5 Σ Past Scores + 0.5 Σ Present Scores 25.00% 0.0267 0.0180 

Top 3 0.6 CO2e Score  + 0.4 Σ further E Scores 13.04% 0.0263 0.0174 

Top 4 0.7 CO2e Score  + 0.3 Σ further E Scores 18.92% 0.0261 0.0171 

Top 5 1.0 Σ Past Scores 50.00% 0.0261 0.0171 
     

CO2 only 1.0 CO2e Score 100.00% 0.0256 0.0167 
     

Worst case 0.5 Σ Resources Scores +0.5 Σ Awareness Scores 0.00% 0.0177 0.0082 
 

 

The table describes alternative construction setups for the stock specific carbon risk score (CRS) and reports the 

respective enhancements of R2 and adj. R2 in 5F regressions including BMG vis-à-vis standard Carhart (1997) 

4F regressions. 
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Table 15 

Orthogonalized risk factor descriptive statistics and correlations 
 

Factor 

Mean excess 

return (%) 

Std. Dev. 

(%) T-stat. 

Correlations 

BMG⊥ erM
⊥ SMB⊥ HML⊥ WML⊥ 

 

Panel A. Global 
 

BMG⊥ -0.31 2.00 -1.50 1.00     

erM
⊥

 0.49 5.23 0.91 0.00 1.00    

SMB⊥ 0.09 1.49 0.62 0.00 0.00 1.00   

HML⊥ -0.15 1.74 -0.83 0.00 0.00 0.00 1.00  

WML⊥ 0.39 4.04 0.95 0.00 0.00 0.00 0.00 1.00 
 

Panel B. USA 
 

BMG⊥ -0.05 2.78 -0.16 1.00     

erM
⊥

 0.69 4.85 1.38 0.00 1.00    

SMB⊥ 0.12 2.32 0.49 0.00 0.00 1.00   

HML⊥ -0.25 2.80 -0.86 0.00 0.00 0.00 1.00  

WML⊥ 0.03 5.43 0.06 0.00 0.00 0.00 0.00 1.00 
 

Panel C. Europe 
 

BMG⊥ -0.47 2.25 -2.04 1.00     

erM
⊥ 0.65 6.41 1.00 0.00 1.00    

SMB⊥ 0.25 2.02 1.21 0.00 0.00 1.00   

HML⊥ -0.33 2.60 -1.24 0.00 0.00 0.00 1.00  

WML⊥ 0.89 4.55 1.93 0.00 0.00 0.00 0.00 1.00 
 

Panel D. Asia/Pacific 
 

BMG⊥ -0.06 2.16 -0.25 1.00     

erM
⊥ 0.35 5.19 0.66 0.00 1.00    

SMB⊥ 0.35 2.07 1.65 0.00 0.00 1.00   

HML⊥ 0.32 1.62 1.95 0.00 0.00 0.00 1.00  

WML⊥ 0.54 3.87 1.37 0.00 0.00 0.00 0.00 1.00 
 

Panel E. North America 
 

BMG⊥ -0.16 2.87 -0.55 1.00     

erM
⊥ 0.64 4.94 1.27 0.00 1.00    

SMB⊥ -0.03 2.22 -0.14 0.00 0.00 1.00   

HML⊥ -0.22 2.32 -0.93 0.00 0.00 0.00 1.00  

WML⊥ 0.05 4.45 0.10 0.00 0.00 0.00 0.00 1.00 
 

This table displays descriptive statistics and correlations of the monthly democratically orthogonalized risk 

factors of the Carhart (1997) 4F model and the BMG factor for the sample period from January 2008 to December 

2015. In Panels A, B, C, and E, the initial factors erM, SMB, HML, and WML are provided by Kenneth French. In 

Panel D, they are from AQR Capital Management. 
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Table 16 

CRS-decile portfolio performance with democratically orthogonalized factors 
 

  Excess  Carhart 4F model  5F model incl. BMG   

  return  Alpha
⊥

 erM
⊥

 SMB⊥ HML⊥ WML⊥ 
Adj. R2 

(%)  Alpha
⊥

 erM
⊥

 SMB⊥ HML⊥ WML⊥ BMG⊥ 
Adj. R2 

(%) 
 

∆Adj. R² 

(%) 
                    

Low CRS  0.007  0.004*** 1.080*** -0.244** 0.497*** -0.491*** 94.69  0.003** 1.078*** -0.164** 0.439*** -0.478*** -0.551*** 96.44  1.75*** 

  (0.11)  (2.78) (38.43) (-2.47) (5.89) (-13.48)   (2.20) (46.85) (-2.04) (6.35) (-16.04) (-9.13)    

2  0.010  0.007*** 0.990*** -0.170** 0.252*** -0.410*** 95.25  0.006*** 0.988*** -0.124 0.217*** -0.403*** -0.344*** 95.98  0.72*** 

  (0.17)  (5.23) (41.44) (-2.03) (3.52) (-13.28)   (4.89) (44.97) (-1.60) (3.30) (-14.15) (-5.98)    

3  0.009  0.006*** 0.924*** -0.065 0.305*** -0.327*** 95.14  0.005*** 0.923*** -0.037 0.284*** -0.322*** -0.228*** 95.39  0.25** 

  (0.17)  (4.76) (41.42) (-0.83) (4.56) (-11.32)   (4.40) (42.49) (-0.48) (4.36) (-11.45) (-4.01)    

4  0.009  0.006*** 0.743*** -0.381*** 0.159** -0.127*** 92.63  0.006*** 0.743*** -0.357*** 0.141** -0.123*** -0.193*** 92.86  0.23* 

  (0.23)  (5.63) (33.89) (-4.95) (2.42) (-4.48)   (5.30) (34.39) (-4.71) (2.18) (-4.40) (-3.42)    

5  0.010  0.006*** 0.814*** -0.146 -0.091 -0.105*** 90.56  0.006*** 0.814*** -0.157 -0.083 -0.106*** 0.027 90.54  -0.02 

  (0.21)  (4.16) (30.05) (-1.54) (-1.12) (-2.99)   (4.25) (30.02) (-1.65) (-1.02) (-3.03) (0.38)    

6  0.009  0.005*** 0.919*** 0.025 0.136** -0.175*** 95.77  0.005*** 0.919*** 0.016 0.141** -0.176*** 0.002 95.77  0.00 

  (0.18)  (4.77) (45.89) (0.35) (2.26) (-6.73)   (4.87) (45.89) (0.23) (2.36) (-6.77) (0.03)    

7  0.007  0.003* 0.954*** -0.214* 0.177* -0.171*** 90.37  0.004*** 0.955*** -0.284*** 0.227*** -0.180*** 0.329*** 92.83  2.46*** 

  (0.13)  (1.77) (29.53) (-1.88) (1.83) (-4.08)   (2.98) (34.26) (-2.90) (2.72) (-5.00) (4.51)    

8  0.004  0.000 1.010*** 0.189 0.092 -0.239*** 87.45  0.003** 1.012*** 0.042 0.198*** -0.261*** 0.774*** 96.07  8.62*** 

  (0.07)  (-0.15) (25.34) (1.35) (0.77) (-4.64)   (2.13) (45.40) (0.53) (2.96) (-9.02) (13.26)    

9  0.005  0.001 0.914*** 0.171 -0.104 -0.188*** 86.99  0.004*** 0.917*** 0.023 0.003 -0.209*** 0.797*** 97.48  10.49*** 

  (0.10)  (0.69) (24.92) (1.33) (-0.95) (-3.95)   (4.84) (56.84) (0.41) (0.06) (-10.02) (18.86)    

High CRS  0.007  0.002 1.001*** 0.563*** -0.098 -0.346*** 80.80  0.006*** 1.005*** 0.357*** 0.051 -0.376*** 1.125*** 95.38  14.58*** 

  (0.11)  (0.90) (19.18) (3.07) (-0.63) (-5.11)   (4.69) (39.22) (3.97) (0.66) (-11.34) (16.76)    
 

 

This table shows mean monthly excess returns, alpha performance, and beta coeffients for annually rebalanced decile-portfolios based on the carbon risk score (CRS) of the stocks 

in the global training sample for the sample period from January 2008 to December 2015. The risk factors are orthogonalized democratically. *, **, *** denote significance on 

the 10%, 5%, and 1% level respectively. For excess returns, alphas, and beta coefficients, significance statistics are based on two-sided t-tests. For ∆Adj. R², significance statistics 

are based on the one-sided F-test for nested models (H0: βp5=0). 
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Table 17 

Decomposition of CRS-decile portfolio R2 
  

  Decomposed-R2 
Systematic R2 

Idiosyncratic 

Variance (1-R2)   erM
⊥ SMB⊥ HML⊥ WML⊥ BMG⊥ 

        

Low CRS 82.21% 0.16% 1.51% 9.63% 3.12% 96.63% 3.37% 

         

2 85.62% 0.11% 0.46% 8.48% 1.51% 96.19% 3.81% 

         

3 87.56% 0.01% 0.92% 6.36% 0.78% 95.63% 4.37% 

         

4 88.88% 1.67% 0.36% 1.46% 0.88% 93.24% 6.76% 

         

5 89.74% 0.27% 0.10% 0.91% 0.01% 91.04% 8.96% 

         

6 93.71% 0.00% 0.25% 2.04% 0.00% 96.00% 4.00% 

         

7 88.59% 0.63% 0.56% 1.89% 1.53% 93.21% 6.79% 

         

8 85.26% 0.01% 0.36% 3.37% 7.27% 96.28% 3.72% 

         

9 85.54% 0.00% 0.00% 2.66% 9.41% 97.62% 2.38% 

         

High CRS 74.90% 0.77% 0.02% 6.26% 13.68% 95.62% 4.38% 
  

  

This table shows the decomposed-R2 of each democratically orthogonalized risk factor for the global CRS-

deciles. The systematic variance is the sum of all decomposed-R2, whereas the idiosyncratic variance equals 1-

R2. 
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Table 18 

Decomposition of R2 with orthogonalized factors on single stock level 
  

Avg. decomposed-R2 Avg.  

Systematic R2 

Avg. Idiosyncratic 

Variance (1-R2) erM
⊥ SMB⊥ HML⊥ WML⊥ BMG⊥ 

  

Panel A. Global 
  

14.18% 2.25% 1.85% 2.77% 2.26% 23.30% 76.70% 
 

Panel B. USA 
 

10.22% 3.47% 3.00% 3.76% 2.93% 23.37% 76.63% 
       

Panel C. Europe 
       

29.46% 2.48% 2.61% 2.91% 2.16% 39.64% 60.36% 
       

Panel D. Asia/Pacific 
       

14.55% 2.47% 1.46% 2.27% 2.26% 23.01% 76.99% 
       

Panel E. North America 
       

11.45% 3.50% 2.68% 3.17% 3.16% 23.96% 76.04% 
 

 

This table shows the average decomposed-R2 values of orthogonalized factors. Regressions are run based on the 

5F model with single stocks from the respective regional validation sample. Furthermore, the average systematic 

R2 and the average idiosyncratic variance obtained from the systematic variance are displayed. 
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Table 19 

Significance tests for orthogonalized risk factor betas for the 5F BMG model 
 

  T-test of significance of coefficients 

 
Avg. 

Coef. 

10% level  5% level  1% level 
 # %  # %  # % 

 

Panel A. Global 
 

erM
⊥ 0.799 18,997 70.06  17,482 64.47  14,758 54.43 

SMB⊥ 0.580 5,669 20.91  3,655 13.48  1,404 5.18 

HML⊥ 0.079 4,078 15.04  2,366 8.73  655 2.42 

WML⊥ -0.264 7,511 27.70  5,531 20.40  2,943 10.85 

BMG⊥ 0.159 5,439 20.06  3,694 13.62  1,706 6.29 
 

Panel B. USA 
 

erM
⊥ 0.733 4,067 48.26  3,577 42.45  2,900 34.41 

SMB⊥ 0.456 2,393 28.40  1,807 21.44  1,000 11.87 

HML⊥ 0.055 1,787 21.21  1,247 14.80  659 7.82 

WML⊥ -0.262 2,260 26.82  1,762 20.91  1,086 12.89 

BMG⊥ -0.099 1,810 21.48  1,219 14.47  532 6.31 
 

Panel C. Europe 
 

erM
⊥ 0.867 2,878 92.48  2,817 90.52  2,685 86.28 

SMB⊥ 0.447 1,093 35.12  819 26.32  414 13.30 

HML⊥ 0.382 1,079 34.67  818 26.29  446 14.33 

WML⊥ -0.292 1,267 40.71  1,012 32.52  593 19.06 

BMG⊥ 0.234 738 23.71  535 17.19  271 8.71 
          

Panel D. Asia/Pacific 
          

erM
⊥ 0.839 11,498 81.60  10,746 76.27  9,019 64.01 

SMB⊥ 0.482 3,694 26.22  2,512 17.83  1,002 7.11 

HML⊥ 0.054 1,882 13.36  1,024 7.27  261 1.85 

WML⊥ -0.267 3,807 27.02  2,601 18.46  1,164 8.26 

BMG⊥ 0.326 3,678 26.10  2,458 17.44  1,058 7.51 
 

Panel E. North America 
          

erM
⊥ 0.761 4,668 51.68  4,170 46.16  3,443 38.12 

SMB⊥ 0.544 2,669 29.55  2,037 22.55  1,131 12.52 

HML⊥ 0.104 1,748 19.35  1,181 13.07  492 5.45 

WML⊥ -0.220 2,164 23.96  1,615 17.88  919 10.17 

BMG⊥ 0.042 2,174 24.07  1,559 17.26  830 9.19 
 

This table shows average coefficients as well as the absolute (#) and relative (%) numbers of statistically 

significant beta coefficients from the democratically orthogonalized 5F model regressions run on single stocks 

from the validation sample in the sample period from January 2008 to December 2015. Statistical significance is 

based on two-sided t-tests. 

 

  


