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Abstract: Retrofitting pre-existing coal plant to cofire with biomass is being highlighted as a 
transition option for decarbonization in recent years because that the technology is affordable 
and reduces GHG emissions by switching the fuel partially to less carbon intensive biomass. 
Employing the plant-level generation capacity data of 21 OECD countries, this paper identifies 
interaction of existing coal capacities with new energy adoptions including biomass and 
intermittent renewables (solar and wind), namely the endowment and substitution effects. The 
results of the panel Seemingly Unrelated Regression (SUR) model confirm the hypothesis that 
traditional coal legacies affect countries to adopt more biomass as an endowment effect, 
although it is recently being substituted by both biomass and intermittent renewables. Various 
environmental policies such as environmental taxes and trading schemes are found to be 
effective for biomass expansion. With the survival analysis, we find that in biomass intensive 
countries, coal retirement accelerates at the end of their original life-span possibly for retrofits, 
implying the direct substitution effect of biomass. In renewable intensive countries, however, 
life time of coal plants are largely extended.  
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1.    Introduction 

Decarbonizing electricity generation plays a critical role in meeting global climate targets as it 

is one of the largest greenhouse gas (GHG) emission sources. Although many developed 

countries have taken step to reduce their coal fired power dependence, it still represents an 

estimated 40% of global electricity production (IEA 2017). While continuous cost drops in 

solar and wind technologies have enabled extensive renewable energy promotion in recent 

years, new technologies such as coal plant retrofits to cofire with biomass have replaced some 

coal capacities, enriching the interactions of different energy resources. This has become an 

attractive option for many countries due to the relatively low incremental investment required 

to convert pre-existing coal infrastructure to run on biomass, and the claimed carbon neutrality 

of biomass energy, the latter of which is still under debate (Johnston and van Kooten 2015). 

Besides the resulting boom of the global wood pellet market, this emerging trend may 

potentially change the transition path and long run development of the electricity sector in 

important ways that we seek to investigate in the current study.  

Various environmental policies being promoted at national and international levels have 

also affected countries’ transition path of the electricity sector by creating regulative incentives 

and barriers. For example, the European Union (EU) established the 2020 package, which binds 

EU members to meet energy and climate targets, including 20% of energy produced from 

renewables and a 20% cut in GHG emissions by 2020. To achieve these targets, EU has set 

forth various policy measures to promote renewable energy, including the use of biomass in 

existing coal infrastructure. At the same time, the grand-fathering of stringent fossil fuel 

targeted policies within the EU electricity sector under the 2020 framework has further enabled 

extant fossil fuel plants to supply large amounts of energy. With higher regulatory costs that 

new power plants face, it retards the complete capital turnover (Stavins 2006). Lastly, various 

country specific conditions such as existing power infrastructure, economic wealth, and power 

consumption patterns could affect investment in different energy resources. 

Due to the emerging strategy of substituting biomass for coal, the production and 

consumption of solid biomass energy has expanded exponentially in recent years, with wood 

pellets representing 93% of all processed solid and liquid biofuels from forests (UNECE 2015). 

Wood pellet production has expanded rapidly over the past decade, increasing from between 6 

and 7 Mt in 2006 to over 26 Mt in 2015 (Thran 2017). The recent uptick of wood pellet demand 

is largely driven by energy policies across European countries, many of which have an existing 
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coal-fired energy sector. With retrofitting pre-existing coal infrastructure being a relatively 

recent trend, the role of biomass in the coal phase-out has not been effectively explored yet. 

Given the low conversion cost of retrofitting, we hypothesize that countries with more 

existing coal power capacities are more likely to adopt biomass capacity, the so-called 

endowment effect. Retrofit for biomass co-firing is a relatively cheaper and easier conversion 

for existing coal plants, and this may be a strategy that many countries adopt to achieve 

environmental targets, especially in the short term. On the other hand, development of 

intermittent renewable sources helps the transition of electricity section by directly substituting 

the existing coal capacity, the so-called substitution effect. The specific objectives of the study 

are twofold: (1) assess interaction of existing coal capacities and new energy sources including 

biomass and intermittent renewables, mainly solar and wind, and identify endowment and 

substitution effects after controlling for policy and country specific factors, and (2) quantify 

magnitudes of various factors in affecting the phase-out of coal-fired power plants.  

To track the coal transition path with deployment of biomass and intermittent renewable 

energy, we focus on 19 OECD member countries within the EU, Japan and South Korea. 

European countries are chosen for their leading role in renewable energy promotion and 

extensive policy experiences with environmental agendas. Japan and Korea, despite continuous 

coal dependence, are included in the study for their significance in the global wood pellet 

market and biomass deployment.  

We employ the Seemingly Unrelated Regression (SUR) model and survival analysis to 

assess the transition dynamics of the electricity system of the sample countries. With the SUR 

analysis, we identify both endowment and substitution effects of existing coal capacities on 

biomass and intermittent renewable expansions. Traditional coal capacities affect countries to 

adopt more biomass energy, while the recent coal generation capacities are found to be 

substituted by both biomass and renewable sources. More stringent environmental policies are 

estimated to stimulate biomass energy expansions but not significant for solar and wind 

development. Instead we observed strong time effects (after 2006) and country fixed effects 

for adoption of intermittent renewables.  

Survival analysis is conducted to see the interactions of the three energy resources (coal, 

biomass, and intermittent renewables) and assesses the factors affecting the coal phase-out. 

Results show that strong impact of both plant- and country-level factors on plant shutdowns. 

Coal plant retirement risk is reduced for plants with a larger capacity size, while the effect is 

maintained up to a certain age. Non-parametric model using Nelson-Aalen cumulative hazard 
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estimates presents delayed coal exits in countries with high level of coal legacies. While most 

countries that have developed either large share of biomass or intermittent renewables in their 

power mix experience historical coal dependence, their coal exit patterns show difference 

depending on their new energy paths. Biomass intensive group shows higher retirement hazard 

with other factors hold the same, while the shutdown risk is substantially reduced in renewable 

intensive countries.  

Building on previous research efforts, this paper breaks down the renewable path more 

into biomass and intermittent renewables, and further examines their relationships with coal 

dependence in diverse perspectives. By doing so, our study discusses the impact of a currently 

available transition option, biomass co-firing with coal, which is expected to be more 

extensively deployed, and its implications for global energy transitions.  

The rest of paper is organized as follows. Section 2 provides a brief summary of the recent 

literature. Section 3 introduces the methodological approaches that we used in detangling the 

relationships of adopting various renewable energy sources with data information elaborated 

in Section 4. Section 5 focuses on the empirical analysis. Finally in Section 5 we address 

conclusions and policy implications of our study. 

2.    Literature Review 

With increasing per capita income, countries have climbed up the energy ladder and 

transitioned to low carbon renewables from fossil (Burke 2013). Using a model based cluster 

approach, Csereklyei et al. (2017) show that EU countries have transformed their energy mixes 

over time to become higher quality and less fossil fuel dependent, but still dependencies 

regarding geographical constraints and indigenous resources such as large share of forests and 

freshwater matter in determining the path. High-income countries are more likely to start the 

transition even in the presence of significant indigenous resources.  

Recognizing coal is still a dominant energy source for power generation in many countries, 

its influence in power sector especially about creating unfavorable market environment for 

renewables is widely examined in the literature. Unruh (2000), focusing on organizational and 

institutional influences, asserts that traditional carbon dependence has limited the diffusion of 

carbon reducing technologies, creating market barriers for entrance of clean energy options.  

Lovely and Popp (2012) find that countries with high level of coal availability (in terms of per 

capita coal production) have imposed loosened emission regulations to coal fired power plants, 

through which regulatory bodies support the competitiveness of coal in the market. While 
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Carbon Capture and Sequestration (CCS) technologies can potentially enhance the viability of 

coal combustions, a recent study on commercial scale CCS deployment concludes that 

uncertainty surrounding the investment costs has the largest economic impact and deters wide 

diffusion (Lohwasser and Madlener 2018), and reducing the coal dependence remains an 

unavoidable challenge for power sector.  

A stepwise policy approach to emission reductions under the global 2℃ target is another 

factor that is analyzed to create the side effect of favoring continuous coal consumptions. 

Research shows that limited stringency in short term policy creates more room for expanding 

coal capacities to meet currently increasing power demands and therefore a lock-in of carbon-

intensive technologies (stranded coal capacities) for their long-life spans (Bertram et al. 2015). 

This limits more active investment in renewable energy and hinders the rapid transition in the 

long term. In a similar context, Johnson et al. (2015) confirm that strengthening near term 

environmental policies reduces the stranded coal capacity while minimizing the construction 

of new coal plants through energy intensity improvement. Coysh (2017) assesses effect of 

vintage-differentiated regulations on coal phase-out. Controlling for plant-level and firm-level 

specifics with country-level market characteristics, he finds that stringent environmental policy 

accelerates coal plant shutdowns while regulatory differentiation reduces retirement of old coal 

power plants. 

About specific fuel substitution trends in energy systems, Marques et al. (2018) find that 

although renewables such as solar energy and hydropower have replaced coal in general, wind 

power does not have substitution effect on fossil fuels for its unpredictability and be backed up 

by natural gas deployment. Verdolini et al. (2016) investigate the role of fossil-based power 

generation technologies in supporting renewable energy investments. The authors find that the 

increase in the share of fast-reacting fossil fuel generation capacity is associated with the long-

term increase in renewable development in 26 OECD countries. Johnston and van Kooten 

(2015) find that retrofitting coal plants to run on biomass could prevent extant plants from 

shutting down, but this depends on governmental intervention through financial instruments or 

environmental mandates. Nagl et al. (2013) calculate the additional system costs and the impact 

on the cost-efficient capacity mix with uncertainty of the availability of wind and solar plant 

and conclude that dispatchable renewable options such as biomass are under-estimated in low 

carbon strategies in European region while fluctuating renewables are overvalued in 

optimization models.  

Role of biomass adoption and interaction with other intermittent renewable sources in 
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association with coal phase-out is not frequently discussed in the economic literature. In 

recognition of cofiring advantages using biomass, a few studies have assessed the economic 

competitiveness of biomass cofiring with coal under different policy settings. Kangas, 

Lintunen and Uusivuori (2009) test profitability of cofiring facilities with Feed-in-Tariffs (FITs) 

and its interaction with emission policies. In another study, they look at the impact of 

subsidizing biomass cofiring with coal. The authors find that the subsidy affects more resource 

to be mobilized to biomass and reduces investment in intermittent renewables at a level where 

fossil fuel consumption stays almost the same (Lintunen and Kangas 2010).  

3. Empirical Methods 

We deploy two methods to assess the transition dynamics of the electric power system at 

various angles, the Seemingly Unrelated Regression (SUR) and the survival analysis. The SUR 

model identifies how existing coal power capacities affect the adoption of new energy sources 

after controlling for policy factors and other country specifics. The survival analysis in contrast 

examines how coal plant shutdowns are affected under countries’ new energy decisions after 

controlling for plant- and country-level variables. In the following, we start with the 

construction of the SUR model, followed by non-parametric and parametric models for the 

survival analysis of coal power plants.   

3.1 SUR Model  

The SUR model is established to empirically identify interactions of existing coal capacities 

with new energy resource adoptions such as biomass and intermittent renewables after 

controlling country-level exogenous factors. The model is specified as follows:  

𝑏𝑏𝑖𝑖,𝑡𝑡 = 𝛽𝛽𝑐𝑐1𝑐𝑐𝑖𝑖,𝑡𝑡−1 + 𝛽𝛽𝑐𝑐2𝑐𝑐𝑖𝑖,𝑡𝑡−2 + 𝛽𝛽𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖,𝑡𝑡−1 + +𝛽𝛽𝑔𝑔𝑔𝑔𝑖𝑖,𝑡𝑡−1 + 𝛽𝛽𝑒𝑒𝑒𝑒𝑖𝑖,𝑡𝑡−1 + 𝜖𝜖𝑏𝑏, (1) 

where 𝑏𝑏𝑖𝑖,𝑡𝑡  and 𝑐𝑐𝑖𝑖,𝑡𝑡  respectively denote the share of biomass and coal capacity in electricity 

generation in country 𝑖𝑖 at year 𝑡𝑡. We use the respective share of electricity generated from 

biomass and coal, rather than their total installed capacity, so the variable represents a 

resource’s actual contribution to national power mix. To examine how recent and old coal 

capacities make different impacts on new energy adoption, we employ 𝑐𝑐𝑖𝑖,𝑡𝑡−1 and 𝑐𝑐𝑖𝑖,𝑡𝑡−2, the 

one- and two-year lagged coal capacity shares, which represent a country’s recent and past coal 

development, respectively. As countries are promoting low carbon agendas and adopting clean 

energy sources replacing coal, we expect the coefficient 𝛽𝛽𝑐𝑐1 to be negative, which captures the 

substitution effect of biomass on existing coal capacity. 𝛽𝛽c2 on the other hand, captures the 
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endowment effect of existing coal capacities. For the ease of biomass co-firing with coal, we 

expect the coefficient to be positive, which indicates the positive association between historical 

coal development and recent biomass expansion. 

To test the robustness of the impact of historical coal capacity (beyond 𝑡𝑡 − 1), we use 

another model with 𝑐𝑐𝑖𝑖,𝑡𝑡−5, 5-year lagged coal capacity share, rather than 𝑐𝑐𝑖𝑖,𝑡𝑡−2 in consideration 

of time for retrofit decisions to be made.1 Other explanatory variables include country-level 

environmental policies, denoted by the vector 𝑝𝑝𝑝𝑝𝑖𝑖𝑡𝑡 , such as environmental taxes, trading 

schemes, FITs, and emission standards. These policy measures are chosen for their direct 

association with power generation and higher stringency is expected to favor the adoption of 

low-carbon options. Other country-level control variables including per capita GDP and 

electricity consumption are incorporated to account for disparities in economic wealth and 

power demands in various countries. All explanatory variables and controls are lagged to 

account for the response of the dependent variable to the previous year’s energy environment 

and also to avoid endogeneity biases in estimation. 

To make the comparison between biomass and other intermittent renewable sources, we 

change the dependent variable 𝑏𝑏𝑖𝑖,𝑡𝑡 to the sum of wind and solar capacity share of individual 

countries. The right-hand side variables are the same as in eqn. (1). The expected substitution 

effect of coal can be captured by the negative coefficient of 𝑐𝑐𝑖𝑖,𝑡𝑡−1 . If the coefficient is 

significantly positive, it would infer coal and renewables expand or shrink together in the power 

mix. To account for possible cross-equation correlation, we jointly estimate the equations of 

wind and solar capacity shares in the panel SUR framework. Compared to equation-by-

equation estimation, the SUR method improves the estimation efficiency by reducing the 

variance of the coefficient estimates (Zellner 1962). 

3.2. Survival Analysis 

Survival analysis is adopted to identify the general trend of coal plant retirements in response 

to changes in determining factors at both the plant- and country-level. We put together a sample 

of 478 coal plants, of which 90 plants retired during the sample period of 1990-2015. The event 

we are interested is the decommission of coal power plants. It is worth noting that we use the 

                                                 
1  For the optimal lag selection, we test the model fitness with different lag combinations using the Bayesian 
Information Criterion (BIC). By adding the 𝑡𝑡 − 2 lag, BIC reduces compared to having only one period lag, which 
means a better fit of the model. When deploying more than two lags, BIC decreases further but at a marginal level. 
Using the heteroskedasticity and autocorrelation consistent (HAC) standard error estimator, we account for the 
correlations among the lagged variables (Andrews 1987).  
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terms of shutdown, retirement and decommission interchangeably in the study. A simple way 

to think about the empirical survival function is the following: suppose that the probability of 

the time of a coal power plan’s retirement to be greater than 𝑡𝑡, i.e., the plant’s surviving time 

surpasses 𝑡𝑡, is Pr(𝑇𝑇 > 𝑡𝑡). One feature of the survival data is that not all plants experience 

shutdown during the study period, in other words, we do not actually know how long they 

survive. Therefore such data are typically “censored” indicating that the observation period is 

cut off before the retirement (Walters 2012). For censored data, a nonparametric method based 

on the conditional probability can be specified as (Kaplan and Meier 1958): 

�̂�𝑠(𝑡𝑡) = Pr(𝑇𝑇 > 𝑡𝑡) =  ∏ (1 − 𝑑𝑑𝑖𝑖
𝑛𝑛𝑖𝑖

)𝑖𝑖:𝑡𝑡𝑖𝑖<𝑡𝑡 , (2) 

where �̂�𝑠(𝑡𝑡) is the so-called survival function. 𝑡𝑡𝑖𝑖 denotes the set of distinct plant retirements 

observed in the sample, 𝑑𝑑𝑖𝑖 the number of retirements at 𝑡𝑡𝑖𝑖, and 𝑛𝑛𝑖𝑖 the number of plants at risk 

right before the 𝑖𝑖th retirement time. The conditional probability of decommissioning at 𝑡𝑡𝑖𝑖  given 

that the plant is online is estimated by 𝑑𝑑𝑖𝑖/𝑛𝑛𝑖𝑖, and thus the conditional probability of surviving 

time 𝑡𝑡𝑖𝑖  is 1 − 𝑑𝑑𝑖𝑖/𝑛𝑛𝑖𝑖 . The overall unconditional probability of surviving to 𝑡𝑡 is obtained by 

multiplying the conditional probabilities for all relevant time up to 𝑡𝑡.                                                                                                                                    

In this study we adopt both nonparametric and parametric survival analyses. The 

nonparametric analysis, for its relaxed assumptions, enables robust estimation (Wey et al. 

2015). It depicts distinctive coal retirement patterns among groups, while the parametric model 

assesses plant shutdown risks with a unit increase in a covariate. First, the nonparametric 

duration analysis captures survival/hazard rates of plan retirement to time 𝑡𝑡𝑖𝑖. For the retirement 

of a coal power plant, rather than its survival, we mainly examine the cumulative hazard rate, 

which is the minus log of �̂�𝑠(𝑡𝑡) or through the Nelson-Aelen estimator as:  

𝐻𝐻�(𝑡𝑡𝑖𝑖) = − log �̂�𝑠(𝑡𝑡) = ∑ �𝑑𝑑𝑗𝑗
𝑛𝑛𝑗𝑗
�𝑖𝑖

𝑗𝑗=1 . (3) 

The estimate captures the hazard at each distinct retirement time of 𝑡𝑡𝑗𝑗   as the ratio of the number 

of retirements to the number exposed. The cumulative hazard up to time 𝑡𝑡𝑖𝑖 is the sum of the 

hazards at all shutdown time up to 𝑡𝑡𝑖𝑖  and can be interpreted as the expected number of 

shutdowns in (0, 𝑡𝑡𝑖𝑖) per unit at risk. 

The hazard function ℎ(𝑡𝑡) can be defined in terms of the cumulative distribution function 

𝐹𝐹(𝑡𝑡), which is assumed to be differentiable, and its derivative defines the probability density 

𝑓𝑓(𝑡𝑡)  (Nelson 1972). Taking the limit of the conditional probability that the event occurs 
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between (𝑡𝑡, 𝑡𝑡 + 𝑑𝑑𝑡𝑡) divided by the width leads to the instantaneous rate of occurrence as the 

width of interval goes to zero.  

ℎ(𝑡𝑡) = lim
𝑑𝑑𝑡𝑡→0

Pr {𝑡𝑡≤𝑇𝑇<𝑡𝑡+𝑑𝑑𝑡𝑡|𝑇𝑇≥𝑡𝑡}
𝑑𝑑𝑡𝑡

= 𝑓𝑓(𝑡𝑡)
1−𝐹𝐹(𝑡𝑡)

=  𝑓𝑓(𝑡𝑡)
𝑠𝑠(𝑡𝑡)

. (4) 

In determining the effects of determining factors on coal plant survival, we deploy the Cox 

proportional hazard model. The Cox model is semiparametric in that it makes fewer 

assumptions than typical parametric methods that specifies underlying probability distribution 

of the survival time (Despa 2012). Contrary to parametric models, it makes no assumptions 

about the shape of the baseline hazard function, the hazard when all covariates are zeros. The 

Cox regression estimates hazard ratios, which are interpreted as the ratio of hazard rates for a 

unit change in the corresponding covariate. An important feature of the model is the 

proportional hazard (PH) assumption. The model is assumed to be proportional in that the 

hazard the individual 𝑖𝑖 has is multiplicatively proportional to the baseline hazard (Stata 2008), 

meaning that the ratio of hazards that two coal plants face is constant over time. The hazard 

function for the analysis of coal plant retirement is specified as follows, the PH assumption of 

which will be tested later: 

ℎ𝑖𝑖(𝑡𝑡) = ℎ0(𝑡𝑡)exp (𝑟𝑟𝑠𝑠𝑠𝑠𝑖𝑖𝑡𝑡 + 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖𝑡𝑡 ∗ 𝑎𝑎𝑖𝑖𝑡𝑡 + 𝑟𝑟𝑔𝑔𝑔𝑔𝑖𝑖𝑡𝑡 + 𝑟𝑟𝑒𝑒𝑒𝑒𝑖𝑖𝑡𝑡 + 𝑟𝑟𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑡𝑡 + 𝑟𝑟𝑑𝑑𝑑𝑑𝑖𝑖𝑡𝑡),   (5) 

where ℎ0(𝑡𝑡) is a baseline hazard. The other control variables include 𝑠𝑠𝑖𝑖𝑡𝑡, plant-level capacity 

and its interaction with plant age 𝑎𝑎𝑖𝑖𝑡𝑡 , and country-level controls such as 𝑝𝑝𝑝𝑝𝑖𝑖𝑡𝑡 , 𝑔𝑔𝑖𝑖𝑡𝑡  and 𝑒𝑒𝑖𝑖𝑡𝑡 , 

defined the same as in eqn. (1). We also deploy a vector of a dummy variable 𝑑𝑑𝑖𝑖𝑡𝑡 to assess the 

impact of a country’s energy path on coal retirement risk. To represent different past energy 

choices, we use three dummies for traditional coal dependence, biomass expansion and 

intermittent renewable transition. The effect of biomass and intermittent renewables adoptions 

on coal plant’s survival will be quantified by 𝑟𝑟𝑑𝑑  and stringent environmental policies are 

expected to exacerbate plant survival.  

4. Data  

4.1 National Power Capacity Mix 

From the plant-level capacity data of 21 OECD countries (19 EU countries, Japan and South 

Korea), we construct each country’s annual power mix between 1990 and 2015. Data are 
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obtained from the Power Plant Tracker (PPT) 2 , which provides plant-level information 

including, for example, plant name, country, commissioning year, and decommissioning year. 

The data categorize the plant-level generation capacity by fuel sources into 28 categories as in 

Table 1. To get annual capacity mix information at the country level based on the plant-level 

data, we sum generation capacities of operational power plants for each year by its fuel 

source(s). For cofiring power plants that use more than two types of fuels, their capacities are 

included in the sum of each of the fuels in proportion to the cofiring fuel ratio. For example, 

the sum of biomass capacity is calculated as below for each year, so the power mix can 

represent comprehensive energy use. 

biomass capacity = biomass plants capacities + .2biomass/oil/

biomass cofiring capacities + .3gas/biomass cofiring capacities + .3gas/oil/

biomass cofiring capacities +  .3lignite/biomass cofiring cofiring capacities.  (6) 

[Table 1. Plant categorization based on fuel sources] 

Table 2 shows the descriptive statistics of 21 countries’ power mix. Although it is a general 

trend that coal capacity share is decreasing in most OECD countries, there exist substantial 

gaps in the level of coal deployment among countries. Still more than 80% of electricity is 

generated by coal in Poland (decreased by about 10% since 1990), while Sweden has around 

3% of power generated from coal. Biomass energy has not been extensively deployed in most 

countries and its share recently started to grow in a few countries. Denmark is a leading country 

with biomass energy development, but most countries have lower than 2% deployment in its 

national power mix. Intermittent renewable capacity share represents the sum of wind and solar 

capacity shares and have been gradually expanded, exceeding the 20% level in countries like 

the UK and Portugal in recent years.  

[Table 2. Descriptive statistics of capacity mix (1990-2015)] 

4.2 Coal Plant Exits  

In tracking the phase-out of coal power plants, we use the PPT data of 487 coal power plants 

in 21 OECD countries. Plant-level data used for survival analysis includes plant capacity, 

commissioning year, and decommissioning to track its operation duration or time to shutdown. 

For survival analysis, we generate a new variable “event” for each plant and record 1 at time 

                                                 
2 The data is available at https://www.enerdata.net/research/power-plant-database.html. 

https://www.enerdata.net/research/power-plant-database.html
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of entry, 2 at time of plant shutdown and 3 at time of exit of study. Based on this survival data 

declaration, we calculate plant 𝑖𝑖’s time to retirement and probability to shutdown at time 𝑡𝑡. For 

plant-level factors associated with plant shutdowns, we deploy plant capacity information, 

which ranges from 4.3MW to 2,100 MW with a mean of 380.6 MW. 

90 plants have decommissioned during the sample period of 1990-2015. The data have the 

structure common for survival analysis, left truncation and right censoring. With regard to left 

truncation, which means existence of late entries, Table 3 shows that the entry time (time to 

entry for analysis from plant commissioning) ranges from 0 to 93 with a median of 11, implying 

that some coal plants started operation during our study period and the oldest plant entered the 

study 93 years after its commission, which constitutes late entry. The exit time ranges from 1 

to 118 indicating that we have power plants with ages from 1 to 118 at time of termination. 

Plants recently commissioned face study exits before they experience shutdown, which means 

right censoring.  

[Table 3. Descriptive statistics of coal plants survival] 

Note that retirements technically can be found due to either shutdown or censoring. 

However, since our data capture all retirements during the study period unlike some other 

studies with lost observations, e.g., loss of patients in a medical study for unknown reasons, 

we have censored data only with the termination of the study. Our study limits the definition 

of coal power plants to those that run on 100% coal. When a coal power plant is retrofitted into 

a cofiring plant, and there exists changes in coal capacity of a plant, data captures the change 

in two tracks; one with decommission of retired capacities and the other with continuation of 

remaining coal capacities at smaller scale and commission of new capacities using cofiring fuel. 

For example, DRAX in UK is a well-known retrofit case from coal to coal-biomass cofiring. 

They gradually removed coal capacities in 2013, 2014 and 2015 and introduced biomass wood 

pellets for cofiring. The dataset tracks the change as shutdowns of the old 635 MW coal plants 

in 2013, 2014, and 2015, operation of 1,905 MW coal power plant (1974-current) and 

commission of two 635 MW biomass power plants in 2013 and 2014. In summary, the data set 

includes 4 coal plants/units and 2 biomass plants/units for Drax with the capacity information 

of each.  

4.3 Country-Level Factors  

In addition to the plant-level information, we deploy various country-level exogenous factors 
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including GDP, power consumption, and environmental policy stringency. While we limit our 

study to OECD countries, both per capita GDP and power consumption show substantial gaps 

among countries in terms of their economic wealth or energy demand, which affect countries’ 

energy choices. Per capita GDP, averaged over 1990-2015, ranges from about $9,530 to 

$54,641 (See Table 4). As to the per person electricity consumption, Northern European 

countries such as Finland and Sweden show highest energy use per person, exceeding 15,000 

kWh, while the lowest is Hungary with 3,532 kWh (averaged over 1990-2015). For both 

variables, we used the World Development Indicators3 developed by the World Bank. 

Environmental policies are another important factor that affects investment decisions on 

new energy adoption. For policy controls, we use the OECD’s Environmental Policy 

Stringency (EPS) Index4 that assesses cross-country policy stringency, which is defined as a 

higher, explicit or implicit, cost of polluting or environmentally harmful behaviors (Botta and 

Koźluk 2014). Among 32 sub categories that compose the EPS data set, we choose the four 

variables to be incorporated in our model: environmental taxes, Feed-In-Tariffs (FITs), 

standards, and trading schemes for their association with power sector. Tax, Feed-In-Tariffs 

and Trading schemes as market based policies favor a specific energy resource over another 

through direct incentives or disadvantages (Johnston and van Kooten 2015). For example, 

imposing carbon tax on power sector can pose substantial pressure on coal power generators 

and is expected to affect decision on future construction or shutdown. FITs provide financial 

incentives to solar and wind energy developers by ensuring certain level of energy price 

generated from renewables and has been extensively deployed in many countries. However, its 

effectiveness in renewable promotion has been less clear recently as countries have developed 

and transitioned to new market models such as Renewable Portfolio Standards (RPS). 

Stringency on emission standards is deployed to see the impact of emission targets that stems 

from environmental and health concerns surrounding GHG emissions from coal combustion.  

For all EPS variables, each country is assigned with one score in the range of 1-6 based on 

its level of policy stringency in a specific category. Specifically, EPS on tax examines the tax 

rate per ton of CO2, NOx, and SOx in scoring the tax stringency. FITs evaluate a country’s FIT 

for solar and wind energy, while emission standards scores based on the emission limit values 

on NOx, SOx, and particulate matters (PMx). Trading schemes deploys instruments such as 

                                                 
3 The data is available at http://databank.worldbank.org/data/source/world-development-indicators. 
4 The data is available at https://stats.oecd.org/Index.aspx?DataSetCode=EPS. 

http://databank.worldbank.org/data/source/world-development-indicators
https://stats.oecd.org/Index.aspx?DataSetCode=EPS
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emission trading scheme and renewable energy certificates trading system for stringency 

evaluation. Table 4 shows the disparities in level of stringency across policies and countries. 

While countries have implemented market-based strategies at a limited scale, we observe 

emission standards, a non-market strategy, has been strongly pushed in recent years. 

[Table 4. Descriptive statistics of explanatory variables] 

5.  Empirical Analysis and Results 

5.1 SUR Model 

We employ the SUR model to test the effects of existing coal capacity on new energy source 

adoptions represented by changes in biomass and intermittent renewable shares. Regression 

results show both the endowment and substitution effects of pre-existing coal capacity on 

biomass expansion (Model 1; Table 5). Consider a 1% increase in the coal share at two periods 

ago is expected to increase the current biomass share by 0.071%, while a 1% change in coal 

share in the previous period is negatively associated with the current biomass share by 0.11%. 

We interpret this as existing coal capacity or path dependence on coal have affected countries 

to adopt more biomass capacity, while they are recently phasing out and being substituted with 

increasing biomass use for power generation.  

For policy variables, all factors except for the standards are statistically significant. First, 

higher stringency of taxing CO2 , SOx , and NOx  leads to expansion in biomass share in 

electricity generation by 0.0035%. More stringent emission trading schemes also result in a 

0.0013% increase in biomass share indicating that regulatory push on trading renewable 

procurements, energy efficiencies, GHG emissions helps biomass adoption. However, stronger 

push in FITs, which is a direct financial support for solar and wind power generation, is 

negatively associated with biomass share in power mix. The negative association can be 

interpreted in several ways. FITs concern with solar and wind energy, and assuming higher 

financial incentives for solar and wind energy would accelerate the intermittent energy 

adoption, the variable can be considered as a proxy for solar and wind expansion. Therefore, 

with higher FITs and wind and solar energy expansions assumed, biomass share in generation 

mix shrinks as a substitute. Country dummies in the model showed strong country fixed effects 

on biomass expansion. Compared to the base case of Austria, countries such as Belgium, 

Denmark, Finland, Hungary, Netherland, and UK show higher level of biomass expansions. 

Year dummies have no statistical significance.  
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For the regression of the intermittent renewable shares on the same set of explanatory 

variables, only the coal share at 𝑡𝑡 − 1 and the per capita power consumption return significant 

impacts. While both traditional and recent coal shares have strong endowment and substitution 

impacts on biomass expansions, for the expansion of the intermittent renewables, only the coal 

share of the previous year returns a strong and negative association. Specifically, a 1%  

decrease in last year’s coal share is estimated to increase the renewable share by 0.38%, having 

only the substitution effect. A 1 MWh increase in power consumption is associated with a 

decrease in the renewable share of 0.003%. No coefficients on policy variables are statistically 

significant. However, for intermittent renewables, contrary to biomass, all year and country 

dummies show strong fixed effects. While the year dummies for early 1990s are identified to 

be statistically insignificant, dummies for the years beyond 2006 return increasing coefficients 

starting from 0.02 to 0.08 with decreasing statistical significance. Along with this, all countries 

except for Italy, Slovenia, Spain and Korea are found to have strong country fixed effects in 

renewable expansions at diverse levels. 

Although these disparities make it hard to make inferences on the impact of individual 

policy factors at the global level, we interpret the year dummies hint the overall impact of the 

environmental policy agendas. Considering that the year 2006 coincides with the time EU 

accelerated extensive policy push to promote renewable energy with EU 2020 (started in 2004), 

the corresponding time dummies reflect the increasing level of contributions of the initiative to 

global renewable expansions, taking various forms at the country level.   

In Model 2, we deploy coal share of five rather than two periods ago to incorporate the 

necessary time for retrofit decisions to be made. Also, we expect a lower correlation between 

two lags in this way considering that coal facilities have relatively long lifespans. We also 

adopt two additional controls of hydro and nuclear capacity shares to account for different 

energy dependences across countries. The results show similar coal impacts as in Model 1. We 

observe substitution impact of recent coal share for both biomass and solar/wind expansions, 

while endowment effect of existing coal capacities influences only biomass adoptions. This is 

same for various lag combinations that includes lags 𝑡𝑡 − 6 or 𝑡𝑡 − 7. Statistical significance is 

improved for the policy variables that are estimated relevant in Model 1. In contrast to the first 

model, more stringent regulation on environmental taxes and FITs are positively associated 

with the renewable expansion. Per capita GDP is estimated to stimulate expansion of both 

biomass and intermittent renewables, which corresponds to the earlier findings of Burke (2013). 

To be specific, a $1,000 increase in per capita income is expected to increase the biomass share 
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by 0.0007% and the renewable share by 0.0017%. However, 1 MWh increase in power 

consumption would deter renewable expansions by 0.002% and 0.007% for biomass and 

solar/wind share, respectively. 

[Table 5. SUR results] 

5.2 Survival Analysis 

(1) Non-parametric survival analysis  

From the panel SUR regression, we identify different impacts of existing coal capacities on 

expansions of biomass and intermittent renewables in 21 OECD countries. Traditional coal 

capacities affect countries to adopt more biomass energy while the recent coal generation 

capacities are estimated to be substituted by both biomass and renewable sources. To further 

identify the interactions among the three resources, we examine the factors affecting the phase-

out or stay of existing coal plants through non-parametric and parametric survival models. Non-

parametric analysis, as explained above, tests different hazard/survival distributions among 

groups. Obtaining the estimates, we calculate the number of decommissioning coal power 

plants out of the number of existing at each analysis time (exit year, either through 

decommission or censoring, minus the commissioning year). To confirm the role of existing 

coal capacities in affecting the energy transition path, 21 countries are first divided into two 

groups based on their historical coal dependence and tested on their hazard rates. Since our 

interests lie in the role of coal capacities or path dependence, we group countries based on their 

average coal shares between 1990 and 2004. We choose the period because year 2005 is the 

base year for many EU 2020 targets and after that policy impacts are expected to be evident in 

decreasing coal capacity shares. Group 1 includes countries with average past coal share above 

25% such as Czechia, Denmark, Finland, Germany, Greece, South Korea, Netherland, Poland, 

Slovenia, Spain and United Kingdom. Group 2 represents relatively low level of coal and 

includes Austria, Belgium, France, Hungary, Ireland, Italy, Japan, Portugal, Slovakia, and 

Sweden. 

Figure 1 presents the exit patterns of the two country groups using the Nelson-Aalen (NA) 

cumulative hazard estimates (on the 𝑌𝑌 axis). Analysis time, on the 𝑋𝑋 axis, is a range of plant 

life time from commission to retirement or censoring. Reflecting a typical lifespan of coal 

power plants at around 30-50 years, cumulative estimates start to increase about 30 but the rate 

of increase is higher for Group 2, meaning coal facilities in Group 2 tend to retire earlier than 
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those in coal intensive countries (Group 1). For non-coal intensive countries, the second spike 

of acceleration in hazard rates happens around 60 years after birth while that for the coal 

intensive group is around 100 years after commission. In general, Group 1 countries with coal 

dependence, experience more delayed decommissions of coal facilities by extending the 

lifespan of plants and tend to keep old coal capacities for a longer time period. 

[Figure 1. Nelson-Aalen Cumulative hazard estimates of different coal groups] 

To see how coal plant retirement time changes with different transition paths, we group 21 

countries again based on the share of electricity generated from biomass and intermittent 

renewables, respectively. The top 5 countries with highest biomass expansion include Denmark 

(14.4%), Finland (11.9%), UK (6.1%), Belgium (5.1%) and Netherland (3.9%), while the 

average biomass capacity share of 21 countries in 2015 was around 2.7% with a median of 

1.3%. As to the high deployment of intermittent renewables, the top 5 countries include 

Portugal (25.9%), Germany (23.8%), UK (22.6%), Ireland (22.8%) and Denmark (20%), 

whereas 21 country average is 10.1% with a median of 8.6%. Denmark and UK are the 

countries that started as coal intensive but are leading in the development of both biomass and 

intermittent renewables. Taking this into account, 3 country groups are made: (i) biomass 

development group including Finland, Belgium, Netherland, (ii) intermittent renewables 

development group: Portugal, Germany, Ireland, and (iii) active: Denmark and UK, to see 

possible discrepancies in coal plant failure time. 

High biomass group shows accelerated plant retirements compared the two other groups. 

Many retirements are observed for plants older than 35 years and cumulative hazard estimates 

keep increasing till the end of the sample period. In renewable development group, life span of 

coal plants is longer in general and first exit is observed around at 40 when the NA estimate 

for the biomass group is almost 1. Exits increase at an increasing rate after that but failures 

occur at delayed time and overall failure age is higher for this group. For the third group, hazard 

distributions are more similar to those of renewable intensive group but failures are observed 

a few years earlier. One possible explanation of this discrepancy, especially in relation of the 

retirement age, has to do with the plant retrofit to cofire with biomass. While the original capital 

investment for old coal power plants is fully depreciated after about 35 years, conversion to a 

cofiring facility is a relatively less expensive and easier way to reduce GHG emissions from 

coal combustions. Countries with biomass experience would have better access to stop 100% 

coal operation and consider conversion options compared to the group who have concentrated 
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on developing wind and solar energy. 

[Figure 2. Nelson -Aalen cumulative hazard estimates of country groups] 

(2) Semiparametric model - Cox regression  

Using the Cox regression model, we examine the impact of various factors on the survival of 

coal plants. Table 6 shows the model specifications and the regression results in terms of the 

hazard ratio (exponent of the coefficient), which is the ratio of hazards with a unit change in 

the corresponding covariate. Plant size is expected to be an important factor affecting the shut-

down decision of a plant, therefore all models include the plant capacity as a plant-level 

explanatory variable. Another plant-level variable is age, which is interacted with the plant size 

and we assume that old facilities are more likely to exit but in association with the plant size 

factor. On the country-level, per capita GDP (in $1,000) and electricity consumption (in MWh) 

are included in all models to control gaps in economic wealth and power demand among 

countries. The same policy variables as in the SUR models are deployed and their statistical 

impacts are discussed in detail separately after assessing the other impacts. To control country 

level impacts with their past and current energy path, various dummy variables are deployed. 

The first dummy variable is to distinguish relative coal exit rates for countries with coal 

dependence. The second and third dummies are used for countries with biomass expansion and 

intermittent renewables growth respectively. Countries are grouped in the same manner as in 

non-parametric analysis. Difference in the model specifications stems from deployment of 

country dummies and time fixed effects. While Model 1 deploys a dummy to control for 

countries with coal dependence, Model 2 adds additional dummies to distinguish impacts in 

countries with large biomass deployment and intermittent renewables. Models 3 and 4 deploy 

the same variables as Models 1 and 2, respectively, conditional on time fixed effects. While 

the regression results of different model specifications share similar implications for many 

explanatory variables, impact of environmental policy stringency is tricky to interpret and will 

be discussed separately.  

In all models, the impact of plant capacity size is considered in relation with the plant’s 

age. For model 1, the hazard ratio with 1 MW increase in capacity is captured as 

e(−.0132+.00033∗age) when other variables are held constant. For plants younger than 40 years 

old, thus having the hazard ratio smaller than 1, plant capacity works as a factor that reduces 

the exit risk, meaning larger facilities are less likely to exit compared to small coal plants. 

However, as power plants get old, they face increasing retirement risk. Beyond that point (age 
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of 40), age effect offsets the exit delaying effect of plant size. For example, a 41-year-old coal 

plant with the capacity of 150MW face hazard that is 1.6% higher than that of a 100MW coal 

plant with the same age (e(−.0132+.00033∗41)50 = 1.016). Country-level variables of GDP and 

power consumption have no significant impact. A traditional coal intensity dummy variable 

shows that coal plants in countries with high level of coal legacy face a hazard rate that is 22.6% 

of a hazard faced by the ones in non-coal intensive countries, confirming the same implication 

of the SUR results. When time fixed effects are controlled in Model 3, the results hold similar 

implications.  

Model 2 adds country dummies to indicate large biomass deployment and intermittent 

renewables expansion to Model 1. With those country effects additionally controlled, Model 2 

confirms that plant’s capacity size in association with its age is still an important factor 

affecting the exit risk. For a MW capacity increase, size of the impact is captured as 

e(−.0135+.00034∗age). In other words, large plants are less likely to retire at its early operation 

phase but start to have the hazard ratio exceeding 1 around 39.7 years after its operation. 

Contrary to Model 1, electricity consumption is significant at the 10% level with the hazard 

ratio of 0.836. Interpreting the ratios, with one MWh increase in per capita electricity 

consumption, coal plant retirement risk decreases by 16.4%. All three country dummies 

associated with energy choices return significant impacts. With coal dependence and recent 

renewable expansions, coal plants have lower level of shutdown risk, while biomass adoptions 

increase retirement hazard by 300%, implying a strong association of biomass adoption and 

coal failures.  

Implications of individual policy factors in affecting the plant shutdown hazard is not 

consistent with our assumptions. When coal intensity is used as a sole country dummy 

conditional on other explanatory variables and time fixed effects, a level increase in stringency 

on tax and FITs are identified to lower the shutdown hazard of coal facilities by 52% and 18% 

at 1% and 10% significance level, respectively. Stringency on trading schemes and emission 

standards yields a hazard ratio larger than 1, but the coefficient estimates are not statistically 

significant. With country dummies for biomass expansion and renewable adoption controlled, 

only tax stringency maintains the effect. At the global level, more stringent policy on 

environmental tax does not contribute to accelerating coal failure and rather it is observed that 

with higher stringency of the policy coal plant face lower level of shutdown risk. Interpreting 

the result requires understanding of a broader picture in relation with strong country-fixed 

effects captured in the SUR model. While tax stringency ranges from 0-4, values above 3 are 
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dominantly observed in Poland where 80% of power supply is fueled with coal. Although 

Poland has pushed strong policy measures on carbon tax, coal has been a predominant energy 

source powering the national electricity demand and plant retirements have been very limited. 

The result of log rank test for tax stringency (See the Appendix for details) shows the existence 

of distinctive survivor functions at different tax stringency levels and observed failures are 

concentrated at lower levels of tax stringency. Another factor to take into consideration is the 

grandfathering benefits for old coal power plants. In many European countries, old coal plants 

used to have emission exemptions for carbon tax which extended the lifetime of coal capacities. 

Although grandfathering was replaced in 2013 with mandatory purchase of emission allowance 

at the EU level, past data does not fully incorporate the policy change and its implications. For 

such dynamics in energy environment at both country- and global-level, interpreting the impact 

of policy stringency limits making generalized inferences. So, the tax variable may not 

effectively capture the impact coal power generators are under with pollutant tax.  

[Table 6. Cox regression results] 

5.3. Testing the Proportional Hazard Assumption and Robustness Checks 

With large sample sizes and/or long follow-up, the proportional hazard (PH) assumption may 

be violated especially when effects of covariates change over time (Buchholz et al. 2014). 

Determining the validity of the PH assumption, one frequently used method is to test the non-

zero slope in a generalized linear regression of Schoenfeld residuals on time. Scaled Schoenfeld 

residuals are centered at β� for each covariate when there is no violation of proportional hazards. 

Plotting the scaled Schoenfeld residuals against time can reveal the shape of the time-varying 

effect (Grambsch and Therneau 1994). In the regression, null hypothesis of zero slope means 

that the log hazard ratio function is constant over time. To verify the PH assumption, the null 

hypothesis should be accepted. In all models, the global test of the PH assumption proves that 

we cannot reject the null of zero slope (See the Appendix for results). For each covariate, per 

capita GDP and emission standards are identified to violate PH assumption, which means 

impact of such factors change over time. As a cure, additional regression is conducted after 

fitting the models with time varying covariates. Regression outputs hold similar results with 

reduced standard errors in coefficient estimates and included in the Appendix. 

Checking the robustness of the Cox regression model, three types of parametric models 

are tested, assuming the baseline hazard distributions as exponential, Weibull, and Gompertz 

respectively (See the Appendix for regression results). Overall, regression results shared 
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implications from the Cox regression model. In all parametric models, variables that are 

estimated to be statistically influential in the Cox model return to be significant with similar 

size of impacts. Distinctive for Gompertz and Weibull model, EPS on trading schemes has 

significant impact for coal plants facing lower level of risk with a level increase in stringency. 

Among three parametric models, estimates from the exponential PH model with time fixed 

effects controlled, yield the similar size of impact with reduced standard errors. 

6.  Conclusions 

In the current study, we confirm the substitution effect of coal on both biomass and intermittent 

renewables but endowment effect of historical coal development only on biomass expansions. 

Countries with high level of traditional coal dependence are estimated to adopt biomass more 

actively while the recent coal capacities are being substituted by both biomass and intermittent 

renewables. With regard to shutdown risks of coal power plants with adoption of new energy 

sources, we observe delayed retirements of coal power plants in solar and wind intensive 

regions, which we interpret in relation with the intermittency of solar and wind energy and 

back up requirement. With the expansion of biomass capacities, countries embark on the low 

carbon transition at an earlier phase with accelerated retirements of aged coal fired facilities 

possibly for cofiring with biomass, but it may require a longer time for a complete transition 

toward clean energy generation. 

Delayed exits and additional coal capacities planned to be on line in the near future 

together create risks of increase in stranded coal capacities or carbon lock-ins. Although 

increasing power demand makes coal combustions inevitable, having comprehensive transition 

strategies can reduce the lock-in impacts. As previous research confirms that dispatchable 

renewables are underestimated in its role toward higher renewable penetration in power 

generation (Nagl et al. 2013), our research shows that biomass and intermittent renewables 

have distinctive benefits and limitations in replacing existing coal and achieving stable power 

generation. Reliance on specific energy source for energy transition has limited effectiveness.  

We see high income countries in our sample make their devotion to development of 

intermittent renewables. Diversification of sustainable energy sources using biomass and 

cofiring biomass in aged coal facilities will further facilitate the transition by reducing the 

dependence on fossil fuels for back up and leaving opportunities to convert them into 100% 

biomass plants later. For developing nations, biomass cofiring in urban coal facilities will be a 

cost-effective and feasible option to embark on the transition and reduce air pollution/health 
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risks from emissions in areas adjacent to emission source, while utilizing local solar/wind 

resources in off-grid areas at the same time. 
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Figure 1. Nelson-Aalen cumulative hazard estimates of coal groups. 
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Figure 2. Nelson -Aalen cumulative hazard estimates of country groups. 
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Table 1. Plant categorization based on fuel sources  

  Fuel Source  Fuel Source 
1 Biomass 15 Gas/oil/biomass 
2 Coal 16 Lignite 
3 Coal/biomass 17 Lignite/biomass 
4 Coal/biomass/gas 18 Lignite/oil 
5 Coal/gas/oil 19 Oil 
6 Coal/lignite/gas/oil 20 Oil shale 
7 Coal/oil 21 Oil/biomass 
8 Coal/oil/biomass 22 Peat 
9 Gas 23 Nuclear 
10 Gas/biomass 24 Geothermal 
11 Gas/coal 25 Hydro 
12 Gas/coal/oil/biomass 26 Marine 
13 Gas/lignite 27 Solar 
14 Gas/oil 28 Wind 
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Table 2. Descriptive statistics of capacity mix (1990-2015) 
 

Coal capacity share Biomass capacity share Intermittent renewable capacity share 
(sum of Solar and Wind capacities)  

Average median min max average median min max average median min max 
Austria 18.7% 21.5% 9.7% 23.8% 0.6% 0.8% 0.0% 0.8% 3.4% 1.3% 0.0% 10.3% 
Belgium 13.0% 12.6% 3.2% 20.0% 2.6% 1.7% 1.1% 5.5% 1.6% 0.0% 0.0% 8.8% 
Czechia 63.6% 58.5% 55.0% 75.1% 0.1% 0.0% 0.0% 0.2% 0.4% 0.0% 0.0% 1.4% 
Denmark 50.2% 47.7% 38.1% 61.4% 12.0% 14.2% 7.7% 15.4% 6.6% 6.2% 0.0% 20.7% 
Finland 30.5% 31.4% 22.7% 36.2% 6.4% 5.4% 3.6% 12.1% 0.5% 0.0% 0.0% 4.9% 
France 7.2% 7.9% 2.6% 9.1% 0.3% 0.3% 0.1% 0.5% 1.8% 0.0% 0.0% 8.7% 
Germany 38.4% 39.6% 33.3% 42.1% 1.5% 1.5% 0.8% 2.3% 8.6% 8.2% 0.0% 23.9% 
Greece 45.7% 46.0% 30.3% 59.5% 0.0% 0.0% 0.0% 0.0% 2.2% 1.6% 0.0% 6.2% 
Hungary 5.5% 5.0% 4.3% 6.8% 6.0% 5.7% 4.7% 7.0% 0.8% 0.0% 0.0% 5.5% 
Ireland 18.1% 17.0% 9.6% 29.0% 0.0% 0.0% 0.0% 0.0% 6.3% 2.2% 0.0% 22.3% 
Italy 21.4% 21.7% 17.5% 25.6% 0.0% 0.0% 0.0% 0.0% 1.4% 0.2% 0.0% 5.6% 
Japan 17.4% 19.7% 9.6% 21.5% 0.2% 0.2% 0.1% 0.3% 0.3% 0.1% 0.0% 1.4% 
Korea 29.8% 31.1% 22.6% 36.6% 0.3% 0.3% 0.1% 0.5% 0.2% 0.0% 0.0% 1.1% 
Netherland 24.9% 25.6% 17.8% 33.4% 1.8% 1.8% 0.7% 4.0% 5.6% 4.0% 0.0% 13.6% 
Poland 90.9% 91.9% 82.6% 93.5% 0.4% 0.3% 0.2% 1.4% 1.4% 0.1% 0.0% 8.6% 
Portugal 17.4% 18.1% 10.9% 23.5% 1.6% 1.5% 0.9% 2.5% 9.1% 2.3% 0.0% 26.0% 
Slovakia 17.7% 16.9% 14.8% 23.4% 1.5% 1.5% 1.3% 1.8% 0.0% 0.0% 0.0% 0.2% 
Slovenia 26.7% 26.6% 21.9% 31.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 
Spain 21.5% 23.6% 13.1% 27.4% 0.3% 0.2% 0.0% 0.8% 3.0% 1.4% 0.0% 9.4% 
Sweden 3.6% 3.6% 3.0% 4.0% 2.3% 2.4% 1.9% 2.7% 1.8% 0.2% 0.0% 10.8% 
UK 38.1% 37.0% 19.5% 53.6% 4.1% 3.9% 3.4% 6.1% 4.0% 0.9% 0.0% 22.6% 
Average 28.5% 28.7% 21.0% 35.0% 1.9% 1.9% 1.2% 3.0% 2.8% 1.3% <0.00 10.0% 
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Table 3. Descriptive statistics of coal plants survival  

Category Total Mean Min Median Max 
No. of subjects 487     
No. of records 10082 20.70 1 25 25 
(First) entry time  12.70 0 11 93 
(Final) exit time  33.41 1 35 118 
Time at risk 10082 20.70 1 25 25 
Failures 90 0.16 0 0 1 
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Table 4. Descriptive statistics of explanatory variables (1990-2015) 
 

EPS:  
Tax 

EPS: 
Trading Schemes 

EPS:  
Feed in Tariff 

EPS:  
Emission Standards 

Power 
consumption 
(per capita in 
kWh) 

GDP  
(per 
capita 
in $)  

average min max average min max average min max average min max average average 
Austria 1.13 1 1.5 0.66 0 2.4 2.48 0 5 3.63 3 4.25 7378 42333 
Belgium 1.03 0.75 1.25 1.03 0 3.6 0.00 0 0 2.90 1 5.5 7861 40206 
Czechia 1.84 1.5 2.25 0.50 0 2.4 1.24 0 5 2.29 0 4.5 5897 16567 
Denmark 2.09 0.5 4 0.82 0 2.6 2.13 0 5 2.58 0.25 4.5 6400 54641 
Finland 1.08 0.75 1.5 0.66 0 2.4 0.20 0 2.5 3.28 0.5 4.75 15075 40519 
France 1.76 1.25 3 0.94 0 3.2 2.71 0 6 3.03 1 6 7107 38110 
Germany 1.19 0.75 1.5 0.52 0 2.4 3.38 0 5 3.76 2 6 6816 38741 
Greece 0.98 0.5 1.5 0.59 0 2.4 3.11 0 5.5 1.97 0.25 3.5 4627 23731 
Hungary 1.55 0.25 3 0.50 0 2.4 1.57 0 5 2.21 0.25 4.5 3532 11532 
Ireland 1.04 0.75 1.25 0.49 0 2.4 0.30 0 1 2.41 0.25 4.5 5401 42485 
Italy 2.07 1.25 2.75 0.91 0 3 1.98 0 4 2.74 1 6 5126 34774 
Japan 2.54 2.25 3 0.12 0 0.4 0.81 0 5 2.24 1 3 7960 42735 
Korea 1.70 0.75 2.5 0.18 0 2.8 1.90 0 5.5 2.79 0.5 4.75 6510 16817 
Netherland 1.07 0.75 1.5 0.99 0 3.2 1.50 0 5 2.59 1 5 6415 45237 
Poland 2.14 1 3.5 1.11 0 4 0.00 0 0 2.51 0.75 4.5 3402 9529 
Portugal 1.15 0.75 1.5 0.54 0 2.4 2.89 1.5 5 2.51 0.25 4.5 3998 20581 
Slovakia 1.90 1.25 2.5 0.47 0 2.4 0.52 0 3 1.30 0.25 2.25 5046 12884 
Slovenia 0.88 0.75 1.25 0.40 0 2 0.46 0 3.5 2.10 0 4.5 6088 20903 
Spain 1.71 1 2.25 0.56 0 2.4 3.30 0 5.5 2.49 0.5 4.5 5004 27935 
Sweden 2.29 0.5 2.75 1.63 0 4.8 0.20 0 1 2.42 0.25 4.5 15167 45766 
UK 1.37 1 1.5 1.97 0 5.2 1.13 0 5.5 3.00 1 6 5775 35884 
Average 1.55 0.92 2.18 0.74 0.00 2.80 1.51 0.07 3.95 2.61 0.71 4.64 6694.57 31519.45 
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Table 5. SUR Regression Results 

 Model 1 Model 2 

 Biomass Share Solar/Wind 
Share Biomass Share Solar/Wind 

Share 

Coal share t-1 -0.106*** 
(.032) 

-0.379*** 
(.098) 

-.087*** 
(.023) 

-0.471*** 
(.063) 

Coal share t-2 0.071** 
(.032) 

0.035 
(.097) 

  

Coal share t-5   0.044** 
(.019) 

0.033 
(.053) 

Hydro share t-1   .008 
(.018) 

-.363*** 
(.051) 

Nuclear share t-1   -.045*** 
(.017) 

-.226*** 
(.048) 

Taxes t-1 0.0035** 
(.0009) 

-0.002 
(.002) 

0.004*** 
(.001) 

0.006** 
(.003) 

Trading Schemes t-1 0.0013* 
(.0007) 

-0.003 
(.002) 

0.0018*** 
(.0005) 

-0.0002 
(.001) 

FITs t-1 -0.0012*** 
(.0003) 

-.0004 
(.0008) 

-0.0009*** 
(.0003) 

.0014* 
(.0008) 

Standards t-1 .0001 
(.0006) 

0.0025 
(.002) 

.0002 
(.0006) 

<0.0001 
(.001) 

GDP  0.0006*** 
(.0001) 

.0004 
(.0005) 

0.0007*** 
(.0002) 

.0017*** 
(.0006) 

Electricity 
consumption 

-.00051 
(.0007) 

-.003* 
(.002) 

-.002* 
(.0008) 

-.007*** 
(.002) 

Obs. 456 456 397 397 
R2 0.927 0.745 0.934 0.812 

Notes: *, ** and *** indicate the significance level of 10%, 5% and 1%, respectively. All 
models include year dummies and country dummies.  
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Table 6. Cox Regression Results 

 Model 1 Model 2 Model 3 Model 4 
 𝐻𝐻𝐻𝐻 = 𝑒𝑒𝛽𝛽 �̂�𝛽 HR �̂�𝛽 HR �̂�𝛽 HR �̂�𝛽 
Plant capacity 0.986*** 

(.0022) 
-.0132*** 
(.0022) 

0.986** 
(.002) 

-.0135*** 
(.002) 

0.986*** 
(.002) 

-.013*** 
(.002) 

.986*** 
(.06) 

-.0135*** 
(.002) 

Plant 
capacity*age 

1.00033*** 
(0.00005) 

.00033*** 
(.00005) 

1.0003*** 
(.000053) 

.00034*** 
(.00005) 

1.00033*** 
(0.00005) 

.00033*** 
(.0001) 

1.00024** 
(.0001) 

.00034*** 
(.000053) 

GDP 1.016 
(.026) 

.0167 
(.025) 

1.036 
(.030) 

.035 
(.029) 

1.016 
(.026) 

.016 
(.025) 

1.027 
(.031) 

.027 
(.030) 

Electricity 
Consumption 

.887 
(.139) 

-.119 
(.157) 

0.753* 
(.119) 

-.282* 
(.158) 

.887 
(.139) 

-.119 
(.157) 

.836* 
(.122) 

-.282* 
(.158) 

tax .481*** 
(.128) 

-.730*** 
(.267) 

.401*** 
(.134) 

-.913*** 
(.335) 

.481*** 
(.128) 

-.730*** 
(.267) 

.401*** 
(.134) 

-.913** 
(.335) 

Trading 
schemes 

1.070 
(.134) 

-.068 
(.125) 

.968 
(.129) 

-.031 
(.133) 

1.073 
(.134) 

.068 
(.125) 

.968 
(.129) 

-.031 
(.133) 

FIT .819* 
(.084) 

-.199* 
(.102) 

.929 
(.103) 

-.073 
(.111) 

.819* 
(.071) 

-.199* 
(.102) 

.929 
(.13) 

-.073 
(.111) 

Standards 1.075 
(.118) 

.072 
(.109) 

1.117 
(.124) 

.111 
(.111) 

1.075 
(.155) 

.072 
(.109) 

1.117 
(.124)  

.111 
(.111) 

Coal country 
dummy 

.226*** 
(.072) 

-1.486*** 
(.318) 

.456* 
(.217) 

-.784* 
(.477) 

0.226*** 
(.118) 

-1.486 
(.318) 

.456* 
(.217) 

-.784 
(.477) 

Biomass 
country 
dummy 

  3.909 ** 
(2.516) 

1.363** 
(.643) 

  3.909** 
(2.516) 

1.363** 
(.643) 

Renewable 
country 
dummy 

  0.336* 
(.222) 

-1.093* 
(.66) 

  .336* 
(.222) 

-.1.09* 
(.660) 

Time effects N N Y Y 
Obs. 9642 9642 9642 9642 
LR Chi2 50.7 111.97 129.52 137 

Notes: Standard errors clustered at the level of country in parentheses. *, ** and *** indicate the significance level of 10%, 5% and 1%, 
respectively. All models include year dummies.  
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