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The Financial Impact of Divestment from Fossil Fuels 

 

Abstract 

Divesting from fossil companies has been put forward as a means to address climate 

change. We study the impact of such divesting on investment portfolio performance. 

To this extent, we systematically investigate the investment performance of portfolios 

with and without fossil fuel company stocks. We investigate mispricing in stock 

returns and test for the impact of (reduced) diversification by excluding fossil fuel 

companies from the portfolio. While the fossil fuel industry outperforms other 

industries based on returns only, we show that this is due to the higher systematic risk 

of this industry, as there is no statistically significant difference between the risk-

adjusted performance of stocks in the fossil fuel sample and the non-fossil fuel sample. 

We conclude that divesting from fossil fuels does not have a statistically significant 

impact on overall portfolio performance, and only a very marginal impact on the utility 

derived from such portfolios. The policy implication is that investors can divest from 

fossil fuels without significantly hurting their financial performance. 

Keywords:  Divestment, Fossil fuels, Investment management, Portfolio 

performance, Stock market 

JEL codes:  G11, Q41 
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1 Introduction 

Allen et al. (2009) and Meinshausen et al. (2009) suggest that most fossil fuel reserves should 

be left unused in order not to exceed the 2°C threshold beyond which it seems impossible to 

avoid dramatic climate change. Griffin et al. (2015) find that investors only show a small 

negative reaction to news about ‘unburnable carbon’. Nevertheless, public initiatives and non-

governmental organizations asking investors to move their funds out of the fossil fuel industry 

have mushroomed (see https://campaigns.gofossilfree.org/). Their hope is this will help 

reduce greenhouse gas emissions. Cornell (2015) finds that divestment from fossil energy 

companies would be costly for US university endowments and would reduce the size of the 

endowment by 12.1% over a 50-year time frame. In our study, we focus on what would 

happen to investors’ financial performance if they sold their stocks in fossil energy companies 

and systematically investigate the impact of such divestment at the portfolio level. In general, 

energy firms make up part of most individual and institutional investment portfolios. This is 

not a surprise, as they constitute about 7.5% of the market value of the MSCI World Index.  

We take an investment perspective and focus on the impact of divestment from fossil 

fuel stocks on investment performance using mean-variance portfolio theory. As suggested by 

Cornell (2015), excluding fossil fuel stock potentially deteriorates the performance of a 

diversified portfolio, in particular when fossil fuel stocks show better than average returns. 

Additionally, excluding fossil fuel stocks from the investment universe reduces diversification 

opportunities, which may increase portfolio risk. In this paper we will address these issues 

and consider the implications of excluding fossil fuel stocks on portfolio performance in terms 

of expected returns and risk.  

The call for divestment from fossil fuels is related to socially responsible investing 

(SRI). SRI focuses on how investors align ethical and financial concerns, as well as on the 
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impact on firms’ environmental, social, and governance (ESG) performance (Renneboog et 

al., 2008). To achieve this, the socially responsible investors have developed a variety of 

strategies, including “best-in-class” investing, active ownership, and ESG integration (see 

Eurosif, 2014). However, the original SRI practice of excluding stocks of companies involved 

in harmful or controversial activities (so-called sin stocks) remains the most common SRI 

strategy today (see Eurosif, 2014). But what does it actually mean for an investor to employ 

negative screens on the universe of potential investments, from the investment perspective? 

And does it matter for financial performance if a ‘fossil’ screen is employed? Screening limits 

the investment universe, which should be detrimental for the mean–variance efficiency of a 

portfolio. For example, Hong and Kacperczyk (2009) find that investors who ditch firms in 

contested industries like alcohol, tobacco and gambling forego the excess returns as these ‘sin 

stocks’ have higher expected returns than similar stocks. The former being neglected by 

investors who are constrained by norms and values. In contrast, Bello (2005) reports that 

mutual funds with an SRI strategy have the same performance as a group of non-SRI funds 

with similar characteristics; more recent studies (e.g. Humphrey and Tan, 2014) confirm this 

findings. This is in line with the literature on the minimum number of stocks needed to create 

a well-diversified portfolio, which claims that a limited number of stocks is sufficient. For 

instance, this minimum is 10 stocks according to Evans and Archer (1968), and 40 according 

to Statman (1987). This literature suggests that the exclusion of a small set of assets may have 

only a minor impact on portfolio performance. 

Our paper focuses on the financial performance of fossil fuel stocks in comparison 

with all other industries and on the consequences of divestment from fossil fuel for portfolio 

construction. We address the following two research questions: 

1. Do returns from investing in fossil fuel stocks differ from those in other industries? 
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2. Are there implications for the performance of investment portfolios with and without 

fossil fuel stocks? 

We aim to contribute to the investment portfolio performance literature as well as the 

responsible investment literature, since we investigate the potential downside on portfolio 

choice of excluding fossil fuel stocks. This is the first study, to our knowledge, that 

systematically investigates the impact of excluding fossil fuel stocks at the portfolio level. To 

answer the research questions, we create two portfolios using standard industry indices 

provided by Datastream. To address the first research question, we create a portfolio with all 

fossil fuel stocks and one with all remaining stocks. Next, we analyze the returns of each 

portfolio as well as the difference between them using the Carhart (1997) extension of the 

Fama and French (1993) model. Since the second research question focuses on investment 

portfolios, we construct optimal portfolios using mean variance optimization to assess the 

impact of screening on fossil fuel stocks. 

We find that both the fossil fuel stocks and all remaining stocks are priced consistent with 

the Carhart (1997) model. In addition, the difference in returns between the fossil fuel and 

other stocks does not generate a significant risk-adjusted return, although there are statistically 

significant differences in exposure to systematic risk. Further, we find that limiting the 

investment universe by excluding fossil fuel stocks has a marginal impact on the performance 

of a portfolio. The financial performance of the restricted portfolios with lower risk tends to 

have lower utility for the investor than the unrestricted portfolios; vice versa, the restricted 

portfolios with higher risk have higher utility than the unrestricted portfolios with higher risk. 

This paper proceeds as follows. We describe the sampling process and the data in 

Section 2. We present the findings in Section 3. Here, we also discuss the implications of 

these results, particularly in light of the divestment and screening discussion. We set forth our 

conclusions in Section 4. 



6 

 

2 Materials and methods 

We test the impact of excluding fossil fuel stocks from the investment universe by 

studying stock returns at the industry level. This is because such an approach is easily 

translated into an investment strategy, with no liquidity concerns. Many providers offer 

industry-level portfolios as actively managed mutual funds, passively managed mutual funds, 

or exchange traded funds, which makes it easy for an investor to implement the strategies that 

we investigate. We use the industry indices provided by Datastream, as they have a return 

history of more than 40 years, allowing for elaborate robustness analysis. The Datastream 

industry indices are based on the Industry Classification Benchmark (ICB) for classifying 

stocks into industries and sectors, which include four hierarchical classification levels: the top 

level is industry, and the remaining levels are supersector, sector, and subsector, respectively. 

In our study, we focus on the top level, which consists of ten industries. Industry-level 

classification plays an important role in the practice of investment management. Many 

professional investment institutions follow industry classification in their investment 

processes, by focusing on specific industries or by defining their asset allocations in terms of 

industry. We adjust the ICB classification by relocating some (sub)sectors. There are two 

reasons for doing so. First, companies involved in the exploration and exploitation of fossil 

fuels are present in two different industries, namely the ICB industries Oil and Gas and Basic 

Materials. Second, the ICB industry Oil and Gas also contains the sector of Alternative 

Energy stocks. Therefore, we create a new industry classification that replaces the initial 

industry Oil and Gas with the newly created industry Fossil Fuels. This Fossil Fuels index 

consists of the sectors Oil and Gas Producers and Oil Equipment and Services from the Oil 

and Gas industry and the subsector Coal Mining from the Basic Materials industry. This new 

index has 327 constituents. We create an adjusted Basic Materials index, which is based upon 

the ICB Basic Material index, excluding stocks of firms involved in coal mining activities. 
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We adjust the Utilities index by adding the sector Alternative Energy, which is separated from 

the Oil and Gas industry. Finally, we also create a new index, the All Stocks Excluding Fossil 

Fuel Index (ASEFFI). This index has 6,578 constituents, being the sum of all other indices 

except for the Fossil Fuel Index. We summarize this transformation of the industry indices in 

Table I. We want to point out that this approach is very well in line with what is being used in 

the investment industry (see e.g. FTSE Russell, 2014). 

Table I. Definition of new industry indices 

New industry 

definition 

# Consti-

tuents 

Link with original 

ICB industry 

(Sub)sector 

Fossil Fuels 327 Oil and Gas 

 

Basic Resources 

Oil & Gas Producers (sector) 

Oil Equip. & Serv. (sector) 

Coal (subsector) 

Basic Materials 460 Basic Materials All (sub)sectors except for 

coal 

Industrials 1,297 Industrials Unchanged 

Consumer Goods 914 Consumer Goods Unchanged 

Health Care 402 Health Care Unchanged 

Consumer Services 900 Consumer Services Unchanged 

Telecom 153 Telecom Unchanged 

Utilities 332 Utilities 

Oil & Gas 

All (sub)sectors 

Alternative Energy 

Financials 1,731 Financials Unchanged 

Technology 389 Technology Unchanged 

ASEFFI 6,578 All Stocks Excluding Fossil Fuels 

 

 

We collected monthly total returns for all of the indices starting from January 1973 

until March 2015. Table II presents the summary statistics of the returns for all the (adjusted) 

industries, including the Fossil Fuels index (FFI), and the adjusted Basic Materials and 
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Utilities indices. The other industries (Industrials, Consumer Goods, Health Care, Consumer 

Services, Telecommunications, Financials, and Technology) remain unchanged. The adjusted 

industry indices as well as the ASEFFI are constructed as portfolios of industries and/or 

(sub)sectors. The weights are based on the market capitalizations of the underlying industry, 

sector, or subsector. Portfolios are rebalanced monthly, and the return of an index is 

calculated as the market capitalization weighted average return of all industries in the index. 

The returns for the unadjusted indices are directly retrieved from Datastream. All returns 

index prices are denominated in US dollars and the resulting returns are denominated in 

percentages. 

Table II shows that the fossil fuel industry has the highest average mean return over 

the period 1973–2015. This supports the notion that excluding fossil fuel stocks might have a 

detrimental impact on portfolio performance. Moreover, if there were some index that showed 

better performance than this index, this would suggest that replacing the former by the latter 

would create financial value for the investor. We will investigate this issue in the next section. 

Table II shows that the consumer goods industry has the lowest performance. The difference 

between the best and worst performing industries is 0.22% over the period 1973–2015, thus, 

we may conclude that the differences in returns between individual industries are quite 

limited. The technology industry has the highest monthly standard deviation (6.54%) and the 

health care industry the lowest standard deviation (4.05%). Therefore, differences in standard 

deviations between individual industries are also limited, although they are somewhat bigger 

than the mean return differences. In Table A.1 in the Appendix, we provide the results for 

subperiods. These suggest that the average return for stocks in the fossil fuel index (FFI) have 

tended to decline over the past 20 years. 
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Table II. Summary statistics for returns of industry indices 

This table presents average, median and standard deviations of monthly returns 

starting from January 1973 until March 2015. 

                   1973-2015 

 Mean Median Standard 

deviation 

Fossil Fuels 1.06% 1.04% 5.63% 

Basic Materials 0.92% 1.09% 5.85% 

Industrials 0.94% 1.24% 5.09% 

Consumer Goods 0.85% 1.00% 4.88% 

Health Care 1.03% 1.09% 4.05% 

Consumer Services 0.84% 1.03% 4.68% 

Telecommunications 0.91% 0.83% 5.02% 

Utilities 0.89% 0.92% 4.29% 

Financials 0.94% 1.22% 5.58% 

Technology 0.98% 1.04% 6.54% 

ASEFFI
*
 0.88% 1.14% 4.57% 

All industries 0.89% 1.20% 4.54% 

*
All Stocks Excluding Fossil Fuel Index. 

To investigate the impact of divesting from fossil fuel stocks on investment 

performance, we must address differences in risk between industries and assess the 

implications for risk from creating a diversified portfolio. One of the main explanations for 

the differences in mean returns between industries is differences in systematic risk. At the 

same time, we should also consider the benefits from creating a diversified portfolio. 

Accordingly, we estimate an asset pricing model to address the issue of risk, and we create 

efficient portfolios to assess the diversification costs of excluding fossil fuel stocks. 

The first research question we address regards comparison of returns from fossil fuel 

investing versus investing in other industries. Although the summary statistics suggest that 



10 

 

fossil fuel stocks have higher returns than other industries, the difference could be explained 

by risk. We answer this question by performing Fama and French (1993) regressions extended 

with the momentum factor proposed by Carhart (1997); this is currently the mainstream 

standard asset pricing model. In this model, the return ��,�	on a portfolio p in month t is 

explained by the following regression: 

��,� = � + 	�,
��
,� − �
,�� + 	�,�
���
�,� + 	�,�
���
�,� + 	�,
�
�
�
,� + 	��,� (1) 

where �
,� is return on the market portfolio and ��
�,� is the return the so-called SMB factor, 

a long portfolio in small cap stocks and short portfolio in large cap stocks. Furthermore, 

��
�,�, is the return on the HML factor, a portfolio with positive weights in stocks with a high 

book-to-market ratio and negative weights in a portfolio with low book-to-market ratios, and 

finally, �
�
,� is the return on the momentum factor, a portfolio with positive weights in 

stocks with the highest returns and negative weights in stocks with the worst performance in 

the past 12-months. The market portfolio and factor-mimicking portfolios are global factors 

obtained from the website of Kenneth French.
1
 Since these factors are available only starting 

from July 1990, equation (1) is estimated using data from November 1990 to March 2015. 

Using regressions of this type is frequently done in empirical research to test alternative 

investment strategies (see, e.g., Banerjee et al., 2007; Goyal, 2012). 

The second research question investigates the impact of a limited universe on the 

diversification opportunities and the performance of a portfolio with and without fossil fuel 

stocks. With a well-diversified portfolio, it is possible to attain lower levels of risk at a given 

level of expected return. We compare the differences between the performance of the two 

portfolios using the Sharpe (1966) ratio, which provides a convenient way to compare 

portfolios with different levels of risk. However, this approach relies on perfect markets, 

                                                           
1
 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/index.html 
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where investors can borrow and lend at one riskless rate without limits. In practice, investors 

are limited in so doing. An alternative way of addressing the second research question is to 

examine the return differences of investment strategies with and without fossil fuel stocks. To 

this extent, we choose to model a limited set of passive strategies linked closely to standard 

portfolio theory. We use a two-step approach in testing each strategy. In the first step, we 

estimate the input parameters for the strategy based on returns from the estimation period, 

which is a period of 60 months preceding the moment of portfolio construction. In the second 

step, we calculate the portfolio resulting from these parameter choices, and implement this on 

the first day after the estimation period. This portfolio is passively managed without being 

adjusted to new information for the next 60 months following the estimation period. We track 

the performance of the portfolio during these 60 months, while rebalancing the weights of the 

portfolio on a monthly basis to keep them aligned with the portfolio weights initially 

calculated.  

Since the main benefit of diversification is risk reduction, we begin by focusing on the 

minimum variance portfolio. Since it represents the portfolio with the lowest risk, the 

minimum variance portfolio is a natural measure of the risk-reduction potential in a universe 

of risky assets. It is constructed without the need to estimate expected returns and is based on 

the covariance matrix of returns only. As a result, its composition is associated with less 

estimation risk than, for instance, a tangency portfolio. The tangency portfolio is constructed 

by optimizing the Sharpe ratio, which is the portfolio return in excess over the risk-free rate as 

a fraction of its standard deviation. The calculation of the composition of the tangency 

portfolio requires the covariance matrix and the expected returns. Among others, Best and 

Grauer (1991) and Chopra and Ziemba (1993) show that estimation risk is an important 

consideration in finding optimal portfolios, in particular when it comes to estimating expected 
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returns. The minimum variance portfolio for period � is calculated using the following 

expression: 

�� =
����

������
,          (2) 

where Ω is the full historical covariance matrix estimated over the estimation period � − 1 

preceding the time of portfolio construction and � is a vector of ones. 

The main analysis is an out-of-sample test using an estimation period and an 

evaluation period, because this represents a feasible strategy for any investor, relying only on 

information that is available at the time of portfolio construction. During the estimation 

period, we estimate the covariance matrices and use these to construct portfolios at the 

beginning of the evaluation period. We measure the performance of the portfolio over the 

evaluation period. A common approach to calculating optimal portfolios is to use five years of 

historical data (see Chan and Lakonishok, 1999). This pragmatic choice represents a trade-off 

between the idea that parameters need to be estimated on a period as long as possible, while at 

the same time the period can be too long because firms may change in terms of fundamental 

risk and return characteristics. Therefore, we divide the data into eight periods of five years 

each. This creates seven independent evaluation periods, since the first period is used as the 

estimation period. The first period includes the monthly returns from January 1973 to March 

1980. As such, the first portfolio is created on April 1
st
 1980, based on the historical 

covariance matrix estimated over the period January 1973 to March 1980. The next portfolio 

is created on April 1
st
 1985, based on the historical covariance matrix estimated over the 

period April 1980 to March 1985, and so on.  

We also construct portfolios with higher levels of risk than those implied by the 

minimum variance portfolios. Accordingly, we calculate the tangency portfolio for period � 

using the following equation: 
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�� =
����

����� 
,          (3) 

where ! is the vector of excess returns. Excess returns are the difference between expected 

returns and the risk-free rate. We use return on US Treasury bills as the risk-free rate. We also 

create two more risky portfolios assuming the absence of a risk-free rate. We construct these 

portfolios by maximizing the following preference function, which is equivalent to 

maximizing an exponential utility function based on von-Neuman-Morgenstern preferences if 

returns are jointly normally distributed (Freund, 1956): 

"#$% = "&�' − (

)*
+,,        (4) 

where �- is the risk tolerance of the investor. This preference function is a convenient way to 

model the preferences of an investor in a mean-variance framework . The resulting measure of 

utility is a certainty equivalent return, which can be easily compared across investment 

alternatives. For instance, an investor with a risk tolerance of ‘1’ calculates a certainty 

equivalent of 7% for an investment opportunity with an expected return of 8% and a standard 

deviation of 10%. The certainty equivalent of the same investor is 6% for an investment with 

an expected return of 6% and a standard deviation of 20%. As a result, the investor chooses 

the first opportunity over the second one. Using the certainty equivalent provides a simple 

economic interpretation: when the utility measure is below the risk-free rate, the investment 

opportunity is inferior to an investment in the riskless asset. 

Both approaches for calculating portfolios with higher risk levels require estimating 

expected returns. Among others, Chan and Lakonishok (1999) and Chopra and Ziemba (1993) 

argue that historical mean returns are much more difficult to predict than covariances, and 

erroneous estimates could lead to highly inefficient portfolios in an out-of-sample test. To 

mitigate the impact of estimation errors on portfolio choice, we estimate expected returns 
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using an asset pricing model. Jorion (1991) shows that using expected returns derived from a 

capital asset pricing model (CAPM) is preferred over the historical mean. Preferably, we 

would want to use the Fama and French (1993) model extended with the momentum factor. 

However, due to lack of availability of global Fama and French factors for the period 1973 to 

1990, we choose to use CAPM estimates as suggested by Jorion (1991). For each industry, we 

estimate its beta relative to the MSCI All Countries World Index for each individual 

subperiod: 

".!�/ − !
 = �� + 	��"&!
' − !
� + �      (5) 

The expected market return is calculated as the average return on the MSCI All 

countries World Index over the period 1973 to 2015, and the risk-free rate is the average risk-

free rate downloaded from the website of Kenneth French. Following Jorion (1991), the 

estimated betas can be used directly to infer optimal portfolio weights. We assess the 

performance of all outcomes by comparing the means and standard deviations of the 

portfolios with and without fossil fuel stocks using a paired t-test for the means and a Bartlett 

test for the hypothesis of equal variances, which has an 0, distribution with one degree of 

freedom. 

We also provide in-sample results, which means that we calculate the composition of 

the efficient portfolios at the beginning of the estimation period. This is the outcome of a 

strategy where the investor has prior knowledge of future return distribution. The reason we 

present the in-sample outcomes is that they provide an indication of the impact of limiting 

diversification opportunities in the absence of parameter uncertainty. Without parameter 

uncertainty, limiting the investment universe must, by definition, result in certainty equivalent 

losses because of higher risk and/or lower return. 
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Finally, we evaluate the increase in mean variance efficiency of having a constrained 

investment universe by calculating the certainty equivalent for each portfolio based on 

equation (4). Next, we calculate the difference between the certainty equivalent for the 

portfolio without fossil fuel stocks and the portfolio with all stocks. If the certainty equivalent 

for the portfolio without fossil fuel stocks is lower than the portfolio with all stocks, the 

restriction results in an efficiency loss. This procedure is in line with Chopra and Ziemba 

(1993), who calculate the certainty equivalent loss in a similar way. It allows us to evaluate 

the joint impact of a restricted investment universe on both return differences and 

diversification opportunities.  
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3 Results 

 

3.1 Fossil fuel stocks versus other stocks 

Based on the discussion above , we now present the results of our analysis and address 

the two research questions. We begin by investigating whether the returns from investing in 

fossil fuel stocks differ from those of other industries. To this extent, we show the results of 

estimating regression (1) using monthly returns from November 1990 through March 2015. 

We estimate the model to explain the excess returns on ASEFFI. We test the hypothesis that 

the risk-adjusted returns of both groups of stocks are similar by taking the difference between 

the returns of the FFI and ASEFFI and explaining these differences using regression (1). The 

results are presented in Table III. Panel A in this table shows that the risk-adjusted returns of 

fossil fuel stocks are not significantly different from those of other stocks. Further, it shows 

that fossil fuel stocks have significantly higher exposure to the SMB and the HML factors in 

the Carhart model. This implies that the higher returns for fossil fuel stocks reported in Table 

II are due to higher systematic risk. 
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Table III. Risk-adjusted returns for fossil fuel stocks versus other stocks 

Panel A: OLS estimates of extended Fama and French model 

This table provide Ordinary Least Squares (OLS) estimates of the regression 

coefficients for the Carhart (1997) model using monthly returns from November 1990 

to March 2015. Values in parentheses present t-values.
 *

, 
**

 and
 ***

 denote significance 

at 10%, 5%, or 1% probability level, respectively. 

           FFI ASEFFI FFI-ASEFFI 

� -0.000 0.001 -0.001 

 (0.03) (0.89) (0.36) 

	�,
 1.042
*** 

1.021
*** 

0.021 

 (19.23) (50.34) (0.39) 

	�,�
� 0.260
** 

-0.039 0.299
*** 

 (2.36) (0.93) (2.72) 

	�,�
� 0.476
*** 

-0.057 0.532
*** 

 (4.68) (1.49) (5.25) 

	�,
�
 0.029 -0.038 0.067 

 (0.48) (1.66) (1.11) 

R
2
 0.58 0.91 0.10 
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-Table III continued- 

 

Panel B: Estimates for the Carhart (1997) model using GARCH(1,1) model 

This table provides Maximum Likelihood estimates of the regression coefficients for 

the mean and variance specification of the Carhart (1997) model using monthly returns 

and a GARCH(1,1) specification from November 1990 to March 2015. Values in 

parentheses present t-values.
 
 

*
, 

**
 and

 ***
 denote significance at 10%, 5%, or 1% 

probability level, respectively. 

 FFI
* 

ASEFFI
** 

FFI-ASEFFI 

Mean specification: ��,� = � + 	�,
��
,� − �
,�� + 		�,�
���
�,� +

	�,�
���
�,� + 	�,
�
�
�
,� + 	��,�, 

� -0.001 0.001 -0.001 

 (0.29) (1.55) (0.41) 

	�,
 1.016
** 

0.992
** 

0.005 

 (18.33) (55.62) (0.09) 

	�,�
� 0.171 -0.032 0.146 

 (1.56) (0.98) (1.52) 

	�,�
� 0.471
** 

-0.085
* 

0.429
*** 

 (4.79) (2.41) (5.22) 

	�,
�
 0.015 -0.020 0.023 

 (0.25) (0.96) (0.39) 

    

Variance specification: ℎ� = �2 + �(��3(
, + �,ℎ�3(

,  

�2 0.000 0.000 0.000 

 (1.25) (2.04)* (1.43) 

�( 0.133 0.192 0.194 

 (2.64)
** 

(4.26)
*** 

(2.84)
** 

�, 0.836 0.760 0.783 

 (13.09)
*** 

(16.75)
*** 

(12.39)
*** 

*   
Fossil Fuel Index 

**
 All Stocks Excluding Fossil Fuels 
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The residuals from the regression models test positive on Arch effects using the 

ARCH-LM test. For this reason, we also estimate a GARCH(1,1) model. The results are 

reported in panel B of Table III and are quite similar to those in panel A. The main conclusion 

from Table III is that the ten industries are priced in line with the extended Fama and French 

(1993) model, with none of the constants statistically significant. Fossil fuel stocks have a 

significantly higher loading on the HML factor relative to other stocks. The loading on the 

SMB is only significantly higher for the OLS regression results and not for the GARCH(1,1) 

model. 

As a robustness check, Table IV presents the estimation results of the regression 

explaining the return differences between fossil fuels stocks and all other stocks in four 

subperiods of equal length.
2
 This table supports the main conclusion, namely, that investment 

performance of the fossil fuel industry does not significantly differ from an investment 

universe without fossil fuel stocks over a prolonged period of time. However, the risk-

adjusted returns on fossil fuel stocks are negative and marginally significant in the final 

period. Exposure to systematic risk varies over time, where fossil fuels in comparison with the 

other stocks have only higher exposure to the HML factor in the first two periods, higher 

exposure to the SMB factor in the second period, and higher exposure to momentum stocks in 

the third period. 

  

                                                           
2
 The first period has only 71 months, due to data availability. 
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Table IV. Regression results by period 

This table presents the regression coefficients from regressions of the return 

differences between fossil fuel stocks and all other stocks on the four factors in the 

Carhart (1997) model for four different subperiods. Values in parentheses present t-

values.
 *

, 
**

 and
 ***

 denote significance at 10%, 5%, or 1% probability level, 

respectively. 

1990m07–

1996m09 

1996m10–

2002m11 

2002m12–

2009m01 

2009m02–

2015m03 

� -0.001 0.002 0.003 -0.007
*
 

 (-0.38) (0.30) (0.53) (-1.87) 

	�,
 -0.059 0.013 0.264
** 

0.167
* 

 (-0.72) (0.10) (2.13) (1.87) 

	�,�
� -0.059 0.482
** 

-0.097 0.285 

 (-0.36) (2.53) (-0.21) (1.15) 

	�,�
� 0.427
** 

0.672
*** 

-0.137 -0.169 

 (2.34) (3.70) (-0.33) (-0.75) 

	�,
�
 -0.008 -0.096 0.765
*** 

-0.056 

 (-0.06) (-0.90) (4.80) (-0.57) 

Adj. R
2
 3.27% 22.43% 23.70% 3.11% 

F-Stat. 1.58 6.280 6.65 1.59 

 

 

3.2 Impact of fossil fuel divestment 

Although the industries are priced in line with the extended Fama and French model, 

we still need to address our second research question, because the limitation of the investment 

universe can have adverse consequences for an investor within the context of a diversified 

portfolio. The question here is what are the implications for the performance of investment 

portfolios if investors divest from fossil fuel stocks. We answer this question by constructing 

several portfolios with and without fossil fuel stocks. We first present the results regarding the 

performance of the minimum variance portfolio. This portfolio explicitly focuses on the risk-
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reduction benefits of diversification, since this portfolio has the lowest risk given the 

covariance structure. 

Table V presents the estimation results regarding the out-of-sample performance of the 

minimum variance portfolios. For most subperiods, the difference between the returns on 

portfolios based on all assets and those based on all assets excluding fossil fuel stocks is very 

small. There are some exceptions, however. During the period 1995–2000, the monthly return 

of portfolios including fossil fuel stocks exceeds that of portfolios excluding fossil fuel stocks 

by 0.25%, which is marginally statistically significant. This difference implies that when both 

portfolios have the same value at the start in 1995, the value of the portfolio excluding fossil 

fuel stocks is 24% lower compared to the portfolio with all stocks at the end of 2000. 

While out-of-sample results are most relevant from a practical point of view, it may be 

instructive to see some in-sample results. We have calculated the returns from the minimum 

variance portfolio constructed at the beginning of the estimation window using the covariance 

structure from the estimation window. These results can be interpreted as being representative 

for a world where covariance matrices and expected returns are stationary and are known 

beforehand without any estimation uncertainty. These results, which are presented in 

Appendix Table A.2, show that restricting the investment universe indeed increases the risk of 

the minimum variance portfolio. However, the differences in monthly standard deviations are 

very small: the difference in standard deviation between other stocks and fossil fuel stocks is 

3 basis points in the first period, and becomes 10 and 15 basis points, respectively, in the 

periods 1995–2000 and 2010–2015. Thus, even in the theoretical case where estimation errors 

can be avoided, the elimination of fossil fuel stocks only has a limited impact on risk 

reduction. 
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Table V. Return on minimum variance portfolios with and without fossil fuel 

stocks 

This table presents out-of-sample average returns from investing in a minimum 

variance portfolio with and without stocks related to the fossil fuel industry. It also 

present the difference in mean return and the associated paired t-test. The monthly 

standard deviation of the asset returns is presented in parentheses, as is the Bartlett test 

statistic of equal variances. 
*
, 

**
 and

 ***
 denote significance at 10%, 5%, and 1% 

probability level, respectively. 

Period 

All assets 

Excl. fossil 

fuels 

Difference in 

mean returns 

Diff. test t-test 

(chi
2
) 

1980–1985 1.73% 1.79% 0.06% -0.74 

 (3.73%) (3.82%)  (0.04) 

1985–1990 1.63% 1.64% 0.01% -0.43 

 (4.20%) (4.24%)  (0.00) 

1990–1995 1.10% 1.14% 0.03% -0.26 

 (3.01%) (3.23%)  (0.30) 

1995–2000 1.48% 1.22% -0.25% 1.96
** 

 (4.30%) (4.20%)  (0.04) 

2000–2005 0.42% 0.41% -0.01% 0.48 

 (3.35%) (3.35%)  (0.00) 

2005–2010 0.64% 0.61% -0.03% 0.65 

 (3.90%) (3.91%)  (0.00) 

2010–2015 1.80% 1.64% -0.15% 1.37 

 (3.26%) (3.08%)  (0.17) 

 

Table VI presents the out-of-sample results for the tangency portfolios; it presents both 

mean returns and standard deviations. In general, the differences between both portfolios in 

terms of means and standard deviation tend to be small. The portfolios including fossil fuels 

have statistically significant higher out-of-sample returns in the period 2010–2015 and have 

marginally significant higher returns in the period 1995–2000. However, in economic terms, 
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the difference in performance is very limited as it translates into only 6 basis points per month 

for 1995–2000 and 8 basis points for 2010–2015.  

Table VI. Performance of tangency portfolios with and without fossil fuel stocks 

 This table presents out-of-sample average returns and standard deviations from investing 

in the tangency portfolio with and without stocks related to the fossil fuel industry. It also 

presents the difference in mean return and the associated t-test on the difference in mean 

returns. The monthly standard deviation of returns is presented in parentheses. The table 

also presents the Bartlett test statistic of equal variances in parentheses. 
*
, 

**
 and

 ***
 denote 

significance at 10%, 5%, or 1% probability level, respectively. 

Period 

All assets 

Excl. fossil 

fuels 

Difference in 

mean returns 

Diff.  test 

t-test 

(chi
2
) 

1980–1985 1.36% 1.42% 0.07% -0.69 

 (3.46%) (3.34%)  (0.08) 

1985–1990 1.79% 1.84% 0.05% -0.48 

 (4.48%) (4.58%)  (0.03) 

1990–1995 0.78% 0.78% 0.00% 0.07 

 (4.05%) (4.20%)  (0.08) 

1995–2000 1.38% 1.32% -0.06% 1.86
* 

 (3.91%) (3.92%)  (0.00) 

2000–2005 0.03% 0.05% 0.02% -0.53 

 (4.70%) (4.70%)  (0.00) 

2005–2010 0.72% 0.74% 0.02% -0.60 

 (5.85%) (5.76%)  (0.01) 

2010–2015 0.74% 0.67% -0.08% 2.26
** 

 (4.51%) (4.53%)  (0.00) 

 

The risk of the portfolio excluding fossil fuel is sometimes higher (e.g., during the 

period 1990–1995, the portfolio without fossil fuel had 15 basis points more risk), and 

sometimes lower (e.g., during the period 2005–2010, the portfolio without fossil fuel had 9 

basis points less risk). None of the differences between the pairs of standard deviations is 
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statistically significant, as is indicated in the column labeled “Diff. Test,” which presents the 

Bartlett test statistic. 

Summarizing both the evidence on the minimum variance portfolios and the tangency 

portfolios, it is reasonable to conclude that screening for fossil fuel stocks and excluding them 

from the investment portfolio has almost no impact on the returns of a globally diversified 

portfolio of industry indices, although there is weak evidence that including fossil fuel stocks 

may improve a portfolio’s performance. 

3.3 Utility and constraining the investment universe 

In the above analyses, we examine separately the impact of excluding fossil fuel 

stocks from the investment universe in terms or return and risk. To study the joint impact on 

return and risk, we calculate certainty equivalents according to equation (4). This approach 

also allows us to study the impact of the restriction on higher levels of risk. To provide a 

better understanding of the impact of excluding fossil fuel stocks on portfolios with different 

risk levels, we calculate two sets of portfolios using different risk tolerance (RT) coefficients, 

one using RT = 1 and the other RT = 2. The portfolios based on a RT = 1 are less risky than 

the tangency portfolio, while the portfolios based on RT = 2 are more risky than the tangency 

portfolio. 

We calculate certainty equivalents based on the out-of-sample average returns and 

standard deviations of both strategies. The outcomes are presented in Table A.3 of the 

Appendix. These results are consistent with the previous results in the main analysis. The 

differences in mean return between the investment universe including all assets and the 

investment universe excluding fossil fuel stocks ranges between minus 8 basis points and plus 

9 basis points, for a risk tolerance coefficient of 1. During the first two subperiods, excluding 

fossil fuel stocks increases the mean return by 8 basis points, while, in the last period, 
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excluding fossil fuel stocks decreases the mean return by 9 basis points or less for a risk 

tolerance coefficient of 1. For investors with a higher level of risk tolerance, the differences 

are larger. The largest difference occurs in the period 1995–2000, when the portfolio 

excluding fossil fuel stocks outperforms, at a statistically significant level, the unrestricted 

portfolio by 34 basis points. However, risk, as measured using standard deviation during this 

period, is also higher than during other periods. 

By comparing the difference in the certainty equivalents of portfolios with and without 

fossil fuels, we arrive at a measure of efficiency gains from excluding fossil fuels. The 

certainty equivalent gains are presented in Table VII. Panel A shows the results for a risk 

tolerance coefficient of 1. The restriction on the investment universe results in an average 

utility loss of 0.05% for the minimum variance portfolio and as a result of the restriction on 

fossil fuel stocks. Given this same risk tolerance coefficient, the utility loss for the tangency 

portfolio is, on average, zero, while there is actually a utility gain of 0.03% for the portfolio 

with risk level RT = 1. Overall, these results show that imposing a restriction on fossil fuel 

stocks has only a modest impact on utility. The impact is negative for investors with low risk 

tolerance and positive for investors with high risk tolerance. 

Panel B of Table VII shows the results for an investor with a risk tolerance coefficient 

of 2. Although we observe the same pattern, the differences are greater than in Panel A. The 

investor experiences a utility loss of, on average, 0.13% for the minimum variance portfolio, 

and 0.07% for the tangency portfolio, while the restriction results in substantial gains for the 

portfolios constructed with RT = 2. At the same time, we observe that the pattern of utility 

gains and losses shows substantial variation over time. 
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Table VII. Monthly increases in certainty equivalent from restricting the 

investment universe 

This table presents the out-of-sample monthly increases in certainty equivalent for the 

Minimum Variance Portfolio (MVP), the Tangency Portfolio (TP), and a risky 

portfolio with risk tolerance (RT) levels of 1 or 2, respectively. Panel A presents the 

monthly utility gain based on a risk tolerance of 1, while Panel B presents the monthly 

utility gains measured based on a risk tolerance of 2. The risky portfolio in panel A is 

constructed using a risk tolerance of 1 and the risky portfolio in panel B is constructed 

using a risk tolerance of 2. 

Panel A: Results for RT = 1 

 MVP TP Risky 

portfolio  

1980–1985 0.05% 0.07% 0.09% 

1985–1990 0.01% 0.04% 0.07% 

1990–1995 0.02% -0.01% 0.00% 

1995–2000 -0.24% -0.06% 0.04% 

2000–2005 -0.01% 0.02% 0.03% 

2005–2010 -0.03% 0.03% 0.05% 

2010–2015 -0.16% -0.08% -0.08% 

Average -0.05% 0.00% 0.03% 

 

Panel B: Results for RT = 2 

 MVP TP Risky 

portfolio  

1980–1985 -0.67% 0.90% 5.37% 

1985–1990 -0.32% -0.90% 2.60% 

1990–1995 -1.35% -1.24% 3.43% 

1995–2000 0.64% -0.18% -0.62% 

2000–2005 -0.04% 0.09% -0.61% 

2005–2010 -0.14% 1.10% 7.55% 

2010–2015 0.93% -0.27% 0.17% 

Average -0.13% -0.07% 2.56% 
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3.4  Robustness analysis 

Our analysis relies on the use of historical data during a period when the fossil fuel 

industry served an important role in the economy. The big question is to what extent the 

parameters used in our analysis will also hold in the future. They will probably change as a 

result of changes in the future role of fossil fuel in the economy. Whether or not fossil fuel 

stocks are essentially investments in stranded assets depends on the question of the viability 

of alternative sources of energy. Proponents of fossil fuel investing may argue that alternative 

sources of energy will be only available on a limited scale and may become available much 

later than might be desirable from the perspective of climate protection. They may also argue 

that even in a world with an abundance of alternative energy sources, oil, gas, and coal may 

remain important as inputs for the chemical industry.  

On the other hand, opponents of fossil fuel stocks in an investment portfolio may 

follow the stranded assets argument. They may argue that the economic viability of 

alternative sources of energy will drive out fossil fuels and erode the future profitability of the 

fossil fuel industry. Although it will be difficult to forecast which reality will materialize, we 

provide an additional analysis that would enable an investor to get an impression of the 

impact of each scenario on a portfolio of stocks. For this reason, we consider two specific 

scenarios.  

In the first scenario, we assume that fossil fuels will become even more important as a 

result of increasing scarcity. We will model this by increasing the beta of fossil fuel stocks 

with a factor 1.5. As result, the expected monthly return for fossil fuel stocks based on the 

CAPM specification increases from 0.85% to 1.09%.  For the second scenario we consider a 

decrease in the importance of fossil fuels. We model this by decreasing the beta of fossil fuel 

stocks with a factor 2/3, which results in a expected monthly return of 0.7%. We compare 
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both scenarios with a baseline scenario using historical expectations based on the full 

historical sample from 1973 to 2015. For all scenarios, we calculate efficient portfolios using 

a covariance matrix based on the single index model, using the market portfolio as the index. 

For each scenario, we calculate the expected return, standard deviation and Sharpe ratios. 

Since we cannot use our initial methodology of using realized returns as we did in the 

previous analysis, these results provide expectations given the parameters that we used to 

estimate the portfolios. Therefore, the analysis provides us with a robustness analysis of the 

importance of fossil fuel stocks with respect to changes in return expectations. 

Table VIII: Scenario analysis  

This table presents the expected return, standard deviation and the Sharpe ratio for a 

portfolio excluding fossil fuel stocks, and for the portfolio based on all stocks based on 

three scenarios. The base line scenario uses the historical estimates of beta. Scenario 1 is 

based on a beta that is 1.5 times the historical beta and scenario 2 is based on a beta that 

is 2/3 times the historical beta for fossil fuel stocks. 

E[r] 

Excluding 

fossil fuel Baseline 

Scenario 

1 

Scenario 

2 

MV E[R] 0.664% 0.663% 0.663% 0.634% 

  Std 3.416% 3.402% 3.267% 3.214% 

  Sharpe 0.082 0.082 0.077 0.078 

 

TP E[R] 0.889% 0.888% 0.888% 0.884% 

  Std 4.583% 4.568% 4.676% 4.537% 

  Sharpe 0.111 0.111 0.111 0.111 

 

Table VIII provides the results of this analysis for the minimum variance portfolio and 

the tangency portfolio. Since the scenarios only differ with respect to the betas of fossil fuel 

stocks, the outcomes for the portfolios excluding fossil fuel stocks are the same for each 

scenario. These results are presented in the first column (ie, excluding fossil fuels). The last 
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three columns present the outcomes for the base line scenario, the high fuel stock beta and the 

low fuel stock beta scenario respectively. Table VIII shows very little variation in the 

outcomes between the different scenarios in terms of expected return, standard deviation or 

Sharpe ratios. The  biggest difference in return yields a lower expected return of 0.29% for the 

minimum variance portfolio in the scenario with lower expected returns for fossil fuel stocks 

and a lower standard deviation of 0.188%. The differences in return and risk for the tangency 

portfolio are very small, without a noticeable impact on risk and return, resulting in a virtually 

unchanged Sharpe ratio. 
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4 Conclusion 

If global warming by 2050 is not to exceed 2°C above pre-industrial levels, only a 

fraction of known fossil fuel reserves should be emitted (Meinshausen et al., 2009). This 

finding has been used to ask investors to divest from fossil fuel. We investigate the effects of 

divesting from fossil fuel stocks on the investors’ portfolio performance. To this extent, we 

study the impact of a restriction on the investment universe of a global investor by excluding 

fossil fuel stocks from her investment portfolio. We create an industry index including fossil 

fuel stocks only and one excluding fossil fuel stocks. Our analysis of the returns in terms of 

the Carhart (1997) model shows that fossil fuel stocks do not earn risk-adjusted returns that 

are statistically different from zero and have significantly higher exposure to systematic risk. 

This suggests that the fossil fuel investment restriction as such does not seem to harm 

investment performance. 

We also investigate the impact of the fossil fuel restriction on portfolio construction. 

Here, the main result is that the impact of the restriction is very small for typical investors. 

Portfolios with the restriction do not systematically differ in terms of risk and return from 

portfolios without the restriction. For investors with a preference for less risky portfolios, 

however, the restriction is likely to have a small and negative impact on their utility. For 

investors with a desire for more risky portfolios, the restriction actually appears to be 

beneficial. A technical explanation for this result is that for the latter investors, estimation 

errors are likely to become more important, since the results for these portfolios are driven 

more by the expected returns of individual industries. As it happens, the average return for 

stocks in the fossil fuel industry show a decline in average returns, which implies that the 

portfolios tend to be overweighed in fossil fuels relative to the return realized in the post-

formation period. 
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Given that the impact of the restriction is sometimes positive and sometimes negative, 

and only statistically significant in a few cases, we conclude that imposing an investment 

restriction by excluding fossil fuel stocks does not have a material impact on the performance 

of the minimum variance portfolio and the tangency portfolio. The reason that this restriction 

does not have a material impact is probably due to the fact that the restriction involves the 

reduction of the investment universe by less than 10% on average. This is in line with the 

findings of Bello (2005), who studies mutual funds with self-imposed restrictions on the 

investment universe based on criteria with respect to socially responsible investing. Bello 

(2005) finds no difference between the typical returns from funds imposing responsibility 

screens and funds that do not impose such restrictions. 

We point out that we specifically focus on the impact of fossil fuel divestment on 

financial performance for the investor. However, apart from “voting with your feet,” there are 

several alternative strategies for investors to show their concern over climate change. For 

example, they can use their shareholder rights to convince management to change course. Or 

they can invest in renewable and sustainable energy technologies. It is outside the scope of 

this paper to assess what strategy would be best from a climate change perspective. 

Our findings are more or less in line with the conclusion of Griffin et al. (2015), who 

report a small drop in stock market prices of about 1.5% to 2% for U.S. oil and gas firms. 

However, our results contrast with Cornell (2015) who reports a major negative impact of 

divesting from including fossil fuel stocks on the portfolio values of the endowment funds of 

a sample of U.S. Universities. This difference is probably due to the fact that the portfolios in 

the study of Cornell (2015) are actually portfolios with below optimal levels of 

diversification.  
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A practical limitation of our approach is that we study diversification benefits 

separately from the context of an already-existing portfolio. Divesting from fossil fuel stocks 

implies that the investor will incur costs by selling the stocks of firms active in the fossil fuel 

industry and buying stocks in other industries. Large institutional investors may face 

additional costs due to the liquidity impact of their trades. However, these liquidity costs can 

be largely avoided by slowly rebalancing the portfolio towards the new strategy. Other 

limitations of our approach are the use of a historical perspective to assess the impact of 

eliminating one asset class from a portfolio. This approach assumes that eliminating an entire 

asset class from the investment universe will have no impact on the other asset classes. The 

demand pressures arising from tastes or preferences for specific assets may actually have an 

impact on expected returns, as suggested in Fama and French (2007). To estimate the impact 

on investor expectations as a result of a massive change in investor tastes for specific assets 

on their returns is beyond the scope of this study. Further, one needs to realize that divesting 

from fossil fuel stocks as such does not guarantee that the 2°C global warming threshold will 

not be exceeded. 

An implication of our research is that the debate should actually focus on the validity 

of non-financial arguments for including or excluding fossil fuel stocks. Our results do not 

confirm the conventional wisdom that reducing the number of stocks in a portfolio results in a 

less-diversified portfolio and a deterioration in portfolio performance. Nevertheless, our 

results are firmly grounded in modern portfolio theory. 
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Appendix 

 

Table A.1: Average monthly returns over time 

This table presents average monthly returns over  individual indices for different subperiods. 

 1973–

1980 

1980–

1985 

1985–

1990 

1990–

1995 

1995–

2000 

2000–

2005 

2005–

2010 

2010–

2015 

Fossil 1.39% 0.52% 1.65% 0.75% 1.44% 1.19% 0.79% 0.55% 

Basic Material 0.90% 0.67% 2.05% 0.52% 0.36% 1.05% 1.47% 0.29% 

Industrials 0.75% 1.04% 1.91% 0.52% 1.50% 0.15% 0.61% 1.18% 

Consumer Goods 0.43% 1.10% 1.96% 0.37% 0.85% 0.36% 0.74% 1.24% 

Health Care 0.28% 1.49% 2.12% 0.99% 1.41% 0.38% 0.28% 1.70% 

Consumer Services 0.12% 1.46% 2.00% 0.60% 1.14% 0.07% 0.27% 1.41% 

Telecommunications 0.60% 1.76% 1.41% 0.82% 2.05% -0.75% 0.55% 0.98% 

Utilities 0.67% 1.48% 1.74% 0.91% 0.60% 0.81% 0.58% 0.45% 

Financials 0.59% 1.58% 2.03% 0.65% 1.01% 0.64% 0.18% 0.97% 

Technologies 0.23% 1.47% 1.33% 1.21% 3.33% -1.17% 0.46% 1.40% 

ASEFFI 0.47% 1.30% 1.85% 0.69% 1.44% -0.01% 0.43% 1.10% 

ALL 0.59% 1.17% 1.82% 0.70% 1.43% 0.07% 0.46% 1.05% 
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Table A.2: Standard deviation on minimum variance portfolios with and without 

fossil fuel stocks 

This table presents in-sample  standard deviations from investing in a minimum 

variance portfolio with and without stocks related to the fossil fuel industry. The 

monthly standard deviation of the asset returns is presented and the Bartlett test 

statistic of equal variances. 
*
, 

**
 and

 ***
 denote significance at 10%, 5%, and 1% 

probability level, respectively. 

Period All assets Excl. fossil fuels 

Bartlett test  

(chi
2
) 

1980–1985 3.46% 3.49% 0.0041 

1985–1990 2.46% 2.47% 0.0006 

1990–1995 3.13% 3.33% 0.2334 

1995–2000 2.59% 2.69% 0.0850 

2000–2005 2.22% 2.22% 0.0001 

2005–2010 2.65% 2.67% 0.0018 

2010–2015 2.54% 2.69% 0.2012 
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Table A.3: Performance of portfolios with higher risk levels 

This table presents average returns and standard deviations from investing in an optimal 

portfolio for an investor with risk tolerance of 1 and 2, respectively. The table presents out-of-

sample results as well as the test statistic of a paired t-test of the difference in mean returns. 

The monthly standard deviation of returns is presented between parentheses, as is the Bartlett 

test statistic of equal variances. 
*
, 

**
 and

 ***
 denote significance at 10%, 5%, or 1% probability 

level, respectively. 

 Risk tolerance 1 Risk tolerance 2 

Period 

All 

assets 

Excl. 

fossil 

fuels 

Diff. test 

t-test 

(chi
2
) 

All 

assets 

Excl. 

fossil 

fuels 

Diff. test 

t-test 

(chi
2
) 

1980–1985 0.54% 0.64% -0.74 -0.65% -0.50% -0.74 

10.15% 9.77% 0.083 21.66% 21.11% 0.038 

1985–1990 2.13% 2.24% -0.43 2.64% -1.36% -0.43 

8.57% 8.53% 0.002 16.45% 18.11% 0.015 

1990–1995 -0.05% -0.11% 0.26 -1.21% -2.78% 0.26 

10.19% 9.55% 0.245 19.69% 26.41% 0.408 

1995–2000 1.24% 1.44% -1.96** 1.01% -1.14% -1.96** 

8.74% 8.77% 0.001 18.93% 11.70% 0.000 

2000–2005 13.65% -1.18% -0.48 -2.97% 0.00% -0.48 

13.65% 13.71% 0.001 26.27% 0.00% 0.002 

2005–2010 0.86% 0.98% -0.65 1.08% 21.11% -0.65 

11.03% 10.52% 0.129 19.83% 0.00% 0.247 

2010–2015 0.24% 0.25% -1.37 -1.33% 18.11% -1.37 

6.01% 6.03% 0.000 11.45% 11.70% 0.027 
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