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Abstract 

This paper analyzed the eco-efficiency of 35 sectors in Sweden by using an output-

oriented Stochastic Frontier Analysis (SFA) model. In the setup of the model, the total 

output of each sector was used as a good output, whereas Carbon dioxide (𝐶𝑂2), Nitrogen 

oxide (𝑁𝑂𝑥) and Carbon monoxide (CO) emissions were used as a bad output. The results 

indicate that in the case of a time-invariant model, the eco-efficiency scores of some 

sectors have increased, while in the case of a time-variant model, the eco-efficiency of the 

same sectors shows different results, so it is impossible to say from the findings whether 

bad output has decreased while good output has grown or whether both bad and good 

output have increased. It is not possible to identify whether there is an absolute or relative 

decoupling of emission and production, which would be a logical and significant 

extension of the investigation. 

1. Introduction 

To generate high-quality (desirable) products, economic activities frequently use 

production variables including labor, capital, and energy resources. However, the creation 

of good outputs is always accompanied by the production of bad (unwanted) outputs, like 

greenhouse gas (GHG) emissions. Bad outputs seriously impact the ecosystem and health 

in general. To mention a few, acidification, heat waves, droughts, and reduced availability 

to clean drinking water are all consequences of greenhouse gas (GHG) emissions. 

Additionally, the air pollution brought on by greenhouse gas (GHG) emissions has the 

potential to be the main factor in respiratory illnesses (Kutlu, 2020). 

 Production, mining, and transportation-related economic activities have been in the 

forefront of the calamities that currently endanger the planet. For the purpose of enhancing 

social, economic, and ecological benefits, several interventions came into force. For 

instance, the Kyoto Protocol established legally enforceable obligations for wealthy 

countries to reduce their GHG emissions. It was started on December 11th, 1997, in 



 

 

4 

 

Kyoto, Japan, but in 2015, the Paris Agreement took the role of the Kyoto Agreement 

(Kutlu, 2020). The Paris Agreement's primary goal was to strengthen the global response 

to the threat of climate change by limiting the rate of global temperature increase to less 

than 2°C above pre-industrial levels of 1750 (https://unfccc.int/). 

The increased interest in the effects of economic activity has sparked vigorous study in 

engineering, energy efficiency, and environmental economics. Energy is used extensively 

throughout production processes, and greenhouse gas emissions are also produced. If the 

target level for energy intensity has been reached, the world would consume less energy, 

emit fewer greenhouse gases (GHG), and produce more economic value, according to 

Sustainable Development Goal 7 (Affordable and Clean Energy). According to SDG 7 - 

The Energy Progress Report, 2020, the global Gross Domestic Product (GDP) will rise by 

2 trillion US dollars a year. To minimize greenhouse gas (GHG) emissions, initiatives to 

increase the share of renewable energy sources like wind and solar must be reformed (Jin 

and Kim, 2019). 

According to the World Business Council for Sustainable Development (WBCSD), 

efficiency is attained by offering fairly priced goods and services that cater to consumer 

demands and enhance quality of life. Ecological effects and resource intensity are 

progressively reduced throughout the life cycle to a level that is at least similar to the 

projected carrying capacity of the Earth. Eco-efficiency promotes the principle of 

producing more value with little damage to the environment. One should keep in mind that 

both economic and environmental aspects should be taken into account when defining a 

country's degree of development. Industrial efficiency might rise as technology in the 

sector develops. According to this scenario, economic development will accelerate at the 

same time as greenhouse gas (GHG) emissions will decline and ecoefficiency will 

increase (Robaina-Alves et al, 2015). Since technology has advanced, businesses can now 

produce the same quantity of high-quality (desirable) outputs with fewer inputs, increasing 

https://unfccc.int/
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production efficiency. There is a decrease in greenhouse gas (GHG) emissions as a result 

of the overall decline in input demand. 

Eco-efficiency measurement is a common method for capturing both the environmental 

and economic elements of manufacturing. The eco-efficiency of production has been 

measured in a number of earlier works using Data Envelopment Analysis (DEA) and 

Stochastic Frontier Analysis (SFA). Most often, given a set of inputs, a production frontier 

is estimated using stochastic frontier analysis. The frontier displays the highest output 

level that is feasible given the amount of input and the state of technology. White noise is 

seen as the first of two components that make up an observable divergence from the 

frontier, while production inefficiency is regarded as the second. The fact that some of the 

inefficiency may be attributed to random white noise, or that not all departure from the 

frontier is caused by inefficient production, is one reason why SFA can be thought of as a 

superior approach than DEA. While the DEA is the method that is most frequently used 

for examples, see (Camarero et al, 2013; Kiani Mavi et al, 2019; Richterová et al, 2021), 

this method is also applicable in other areas and has been used in some studies to estimate 

the eco-efficiency of different sectors and industries such as by (Orea and Wall, 2017). To 

establish and evaluate various measurements of the inefficiency of produced output in 

respect to emissions, created environmental pressures are treated as "inputs" in place of 

the typical production inputs. In other words, the frontier in this situation depicts the 

highest output level that can be achieved given the current levels of environmental 

stressors. Then, the inefficiency specifies how much "more" an entity may generate for a 

certain emission level. The fact that the efficiency scores and frontier of SFA are restricted 

to comparisons of the sample's most efficient entity is a drawback. As a result, the metrics 

of inefficiency are probably understated since the border does not depict the "true" 

frontier. This is less significant, though, when assessing and comparing the ecoefficiency 

performances of other nations. 
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In contrast to earlier work, the one time-invariant (TI) and one time-varying (TFE) model 

is utilized in this study analysis to estimate eco-efficiency scores for 35 sectors of Sweden 

for the period of 2010–2020. The findings imply that eco-efficiency has increased for 

practically all sectors throughout the study period; however certain sectors exhibit a 

negative trend and may require intervention. 

The paper has five sections, and the remaining material is structured as follows. The 

preceding eco-efficiency literature is reviewed in Section 2. The model parameters, data 

collection, and research area are covered in Section 3. The key empirical findings and 

comments are presented in Section 4. Conclusions, recommendations for the decision-

makers, and opportunities for further research are provided in Section 5. Appendix in 

section 6 contains the list of sectors with their abbreviations. 

2.Literature Review 

The objective of this part is to provide the literature on evaluating eco-efficiency in 

various Decision-Making Units (DMUs), including sectors, industries, and countries. 

numerous approaches, including Stochastic Frontier Analysis (SFA), Data Envelopment 

Analysis (DEA), and hybrid analysis, which incorporates numerous methodologies, have 

been used to assess the eco-efficiency of various DecisionMaking Units. It's important to 

keep in mind that these techniques might be input- or output-oriented. Wang et al. (2020) 

claim that factoring in excellent output, bad output, and production input components is 

crucial for computing eco-efficiency ratings. 

Earlier works of literature have made use of the hybrid approach for measuring eco-

efficiency. Masuda. (2016) used Data Envelopment Analysis (DEA) and Life Cycle 

Assessment (LCA) to analyze the eco-efficiency of wheat production in Japan. He focused 

on two unique regions of Japan, Hokkaido and Tofuken. LCA was used to assess the 

regional environmental consequences of wheat production while DEA was employed to 

determine eco-efficiency ratings. The results show that paddy wheat production 
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techniques are the least ecologically friendly, whereas upland wheat production practices 

in Hokkaido are the most environmentally beneficial. 

Rashidi et al. (2015) integrated the Range Adjusted Measure (RAM) and Slacks Based 

Measure (SBM) DEA models to evaluate the eco-efficiency of 25 OECD members. RAM 

and SBM are non-radial models that deal with output slacks and input excess slacks 

directly. The number of employees and the amount of fuel, coal, and water consumed 

were inputs, while the GDP and CO2 emissions were outputs, used as good and bad 

results, respectively. The research indicates that Germany, France, Sweden, Norway, 

Luxembourg, and the United Kingdom are the countries with the best environmental 

practices. They stressed that countries with high levels of unfavorable outputs could not be 

environmentally friendly, and as a result, have a huge potential to conserve the most 

energy. 

Avadí et al. (2014) used DEA and LCA to test eco-efficiency in the Peruvian fishing 

industry, and Zhu et al. (2014) used DEA and LCA to measure the eco-efficiency of 10 

similar pesticides in China. Other earlier types of literature that also used the hybrid 

techniques were also used by Egilmez et al. (2013) to quantify eco-efficiency in US 

industrial sectors. 

Some authors placed a strong emphasis on measuring eco-efficiency at the micro level.For 

example, Lundgren. (2016) utilized the Stochastic Frontier Analysis (SFA) model to 

evaluate the energy efficiency of fourteen industrial sectors in Sweden. He calculated the 

eco-efficiency of a particular sector or industry. He came to the conclusion that there is 

still a lot of potential for improvement in terms of how efficiently fuel and electricity are 

consumed in all industries. From the Commercial and Institutional Building Energy Use 

Survey (CIBEUS), Buck and Young. (2007) examined cross-sectional data on Canadian 

commercial buildings. They employed stochastic frontier analysis (SFA) to measure the 

energy efficiency of Canadian commercial buildings and came to the conclusion that the 
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Canadian government should prioritize targeted policy actions to increase the energy 

efficiency of the country's commercial sector. 

Cobb-Douglas Stochastic Frontier Analysis (SFA) model was used by Feijoó et al. (2002) 

to evaluate the eco-efficiency of the Spanish industry. A bottom-up energy efficiency 

initiative, he highlighted, could reduce industrial carbon dioxide (CO2) emissions by 

29.4%. Egilmez et al. (2013) examined ecoefficiency of industrial sectors in the United 

States, whereas Kuosmanen and Kortelainen. (2005) measured ecoefficiency of road 

transport in Finland. 

Other publications that assessed eco-efficiency at the macro-level include Halkos and 

Tzeremes. (2009) analysis of the eco-efficiency of 17 OECD countries and Zhou et al. 

(2008) measured the eco-efficiency of 21 OECD countries. Robaina-Alves et al. (2015) 

used an SFA model to calculate the eco-efficiency rankings of 26 European countries. A 

good output was utilized, referred to as GDP, and a bad output, referred to as greenhouse 

gas emissions. We used labor, cash, fossil fuels, and renewable energy sources as inputs. 

According to the findings, the most ecologically friendly countries between 2005 and 

2011 (when the Kyoto Protocol came into force) were Sweden, Latvia, the United 

Kingdom, Hungary, Portugal, and Cyprus, while the least environmentally friendly 

countries were the Czech Republic, Poland, and Estonia. 

3. METHODOLOGY 

3.1 STOCHASTIC FRONTIER ANALYSIS (SFA) MODEL. 

The works by Meeusen and van Den Broeck. (1977); Aigner et al, (1977); Battese and 

Corra, (1977), are among the earliest to describe stochastic frontier analysis models. These 

publications examined how SFA may be used to represent the production frontier under 

the presumption that output levels are influenced by random shocks in addition to 

technical inefficiency. The majority of these models employ the truncated normal 
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distribution or the half-normal distribution to compute inefficiency, and Jondrow et al. 

(1982) famous JLMS estimator is used to obtain the technical inefficiency scores. 

Following stochastic frontier analyses, such as those by Pitt amd Lee, (1981); Kalirajan, 

(1981) concentrated on explaining the inefficiency. These studies used a two-step 

methodology: first, they estimated the production frontier and calculated the technical 

inefficiency scores for each firm. Next, they regressed these technical inefficiencies 

against variables thought to affect the firms' inefficiency. The two-stage technique has 

certain downsides because some research, such those by Kumbhakar et al. (1991); Battese 

and Coelli. (1995) evaluated the inefficiency scores and external impacts in a single step. 

These authors parameterize the pre-truncated distribution's mean in order to investigate the 

exogenous factors that affect inefficiency. These models were furthered by other writers as 

(Hadri, 1999; Caudill and Ford, 1993). In order to take into consideration any potential 

heteroscedasticity, they parameterize the variance of the pre-truncated distribution. 

By permitting time-invariant heterogeneity, panel data availability has improved the 

modeling of the stochastic frontier analysis. In the early panel data analyses, unobserved 

heterogeneity was used to quantify inefficiency by (Schmidt and Sickles, 1984; 

Kumbhakar, 1990; Battese and Coelli, 1992). A "true fixed effect model" was proposed by 

Greene. (2005b), which is a modified fixed effect panel data model with an extra one-

sided error factor whose mean is a function of inefficiency effects. 

It is easy to distinguish between time-varying inefficiency and time-invariant 

heterogeneity both between and within nations (or within industries or sectors of 

countries) using panel data. This work estimated the "true fixed effect model" (TFE), 

which permits correlation between regressors and a sector-specific impact that is the time-

invariant heterogeneity Greene. (2005b), by taking use of these features. The parameters 

of a time-invariant model are also computed, and they are contrasted with those of the 

TFE model. Alternative time-varying models were also calculated; however, the findings 

were suppressed due to their insignificance. 
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Following Greene (2005b), the ”true fixed effect model is defined as: 

ln(𝑦𝑖𝑡) = ∝𝑖+ ∑ 𝛽𝑗 ln(𝑥𝑗𝑖𝑡) + 𝑣𝑖𝑡 − 𝑢𝑖𝑡3
𝑗=1  

Here 𝑦𝑖𝑡 is the output in (million) Swedish krona (SEK) for a sector i at time t, ∝𝑖 is the 

sectors-specific and time-invariant effects, 𝛽𝑗 is the parameters to be estimated, 𝑥𝑗𝑖𝑡 is the 

j:th environment pressure for sector i at time t, 𝑣𝑖𝑡 is a homoscedastic random error term 

with zero mean, and 𝑢𝑖𝑡 represents time-varying eco-efficiency for sector i,  j=1....3, 

i=1,...,35 and t = 2010,....,2020. 

 Inefficiency 𝑢𝑖𝑡 is modelled as exponential with mean 3, 𝑢𝑖𝑡 ~ 𝜀 (3). The inefficiency 

term 𝑢𝑖𝑡 represents the time-varying eco-efficiency of sector i at time t, which can vary 

based on the environmental pressures and sector-specific effects. This term is assumed to 

follow an exponential distribution with a mean of 3, which captures the expected level of 

inefficiency for a sector with average eco-efficiency. 

In the case of the time-invariant (TI) model, it is assumed that inefficiency remains 

constant over time. Thus, this model assumes that the producer does not “learn” over time, 

which means it does not allow for time-varying inefficiency. This would be the expected 

development, which means the producers become more and more efficient in production 

due to the learning effect (Kumbhakar et al, 2015). In addition to that a common constant 

is assigned to all the sectors(𝛽0), which means it does not allow for heterogeneity across 

sectors which can be captured by the estimated inefficiency. The TI model is defined as. 

ln(𝑦𝑖𝑡) =  𝛽0 +  ∑ 𝛽𝑗 ln(𝑥𝑗𝑖𝑡) + 𝑣𝑖𝑡 − 𝑢𝑖3
𝑗=1  
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Here the difference of TI model from the TFE model is the common constant, 𝛽0 and a 

sectors-specific and time-invariant inefficiency term,𝑢𝑖, where 𝑢𝑖 is modeled as             0 < 𝑢𝑖 < 1, normally and i.i.d with mean 𝜇 and constant variance 𝜎𝑢2, 𝑢𝑖~ 𝑁+(𝜇, 𝜎𝑢2). 

(Stata, 2023) 

The estimated eco-efficiency for both the models is obtained via. 𝐸(exp(−𝑢𝑖𝑡)|𝜖𝑖𝑡) 

Where 𝜖𝑖𝑡 =  𝑦𝑖𝑡 − 𝑥𝑗𝑖𝑡𝛽𝑗 

In this context, the expression 𝐸(exp (−𝑢𝑖𝑡)|𝜖𝑖𝑡)is used to calculate the estimated eco-

efficiency for two models, which are represented by the parameters 𝑢𝑖𝑡 and 𝑥𝑗𝑖𝑡 𝛽𝑗. 
The error term 𝜖𝑖𝑡 is defined as the difference between the observed value of 𝑦𝑖𝑡 and the 

predicted value of 𝑦𝑖𝑡 based on the independent variable 𝑥𝑗𝑖𝑡 and its coefficient 𝛽𝑗. This is 

a way to measure how well the model fits the observed data. By conditioning on the error 

term 𝜖𝑖𝑡, the expression 𝐸(exp (−𝑢𝑖𝑡)|𝜖𝑖𝑡) computes the expected value of exp (−𝑢𝑖𝑡) for a 

given value of 𝜖𝑖𝑡. This expected value represents the average eco-efficiency of the model 

under the condition that the error term takes a specific value.  

Therefore, this expression is a way to compare the eco-efficiency of the two models, by 

looking at the average value of exp (𝑢𝑖𝑡) for a given error term. The model with the higher 

average value of exp (𝑢𝑖𝑡) is considered to have a higher eco-efficiency.  

3.2 DATA COLLECTION 

This paper includes 35 decision-making units (DMUs). The decision-making units are 35 

sectors of Sweden. The list of these sectors with abbreviations is given in Table 1 in the 

Appendix. The data on output and environmental pressures are derived from the data of 



 

 

12 

 

OECD for the year 2010-2020. The data of output is the total output of each sector in its 

own prices, produced by 35 sectors of Sweden and the measurement is Millions of 

Swedish Krona. The data set is unbalanced and results in 376 observations, where mainly 

the data on Transport and storage, data on Professional, scientific, and technical activities, 

and the data on Manufacturing of chemical and chemical products for the year 2010, 2019 

and 2020 were mainly missing (OECD, 2023). Data representing environmental pressures 

in this analysis is Carbon dioxide 𝐶𝑂2 in tonnes, Nitrogen oxide 𝑁𝑂𝑥 in tonnes of 𝑁𝑂2 

equivalent and Carbon monoxide CO in tonnes. (OECD, 2023) 

The descriptive statistics of the variables of 35 sectors of Sweden have been displayed in 

Table 1. The difference between the minimum and the maximum value of output reveals 

quite large disparities between the sectors, but it is rather expected due to heterogeneity in 

sectors. Similarly, the differences between the maximum and the minimum values of 

emissions and this implies that some sectors have relatively low emissions, while others 

have quite high levels of emission. 

 

Table 1. Descriptive statistics of the variables for 35 Sectors of Sweden. 

Variable  Obs Mean Std.Dev Min. Max. 

Year 385 2015 3.166393 2010 2020 

Sector 385 18 10.11265 1 35 

Output(1000 Krona) 376 209815.2 203276.8 10454 869593 

CO2(1000 kg) 385 1078188 1903418 8920 1.04e+07 

Nox(100 kg) 385 4550.865 12269.06 29 106501 

CO(1000 kg) 385 3862.958 6519.583 26 27996 



 

 

13 

 

 

 

3.3 Area of Study 

It is hard to distinguish between environmental and economic efficiency. They are both 

crucial to raising the nation's economic competitiveness and environmental sustainability 

(Robaina-Alves et al, 2015). It is impossible to separate these two factors-economic 

efficiency and environmental efficiency. Thus, it is critical to take into account both the 

economic and environmental effects of choices in order to ensure long-term environmental 

sustainability. The economy and the environment may both benefit from this. Therefore, 

it's crucial to learn more about how Sweden's various sectors are performing in terms of 

the environment by undertaking an eco-efficiency study from 2010 to 2011. The purpose 

of this study is to examine and assess how these sectors are doing in terms of their 

environmental effects. The goal is to arm decision-makers with useful data so they can 

make right choices about environmental laws and regulations. 

Policymakers may better understand the environmental performance of Sweden's 35 

sectors by conducting research like this. This information may then be applied to pinpoint 

areas that require development and put into practice eco-efficiency-boosting tactics. 

Promoting sustainable practices and ensuring a balance between economic expansion and 

environmental protection are the ultimate objectives. 

4. Results And Discussion 

4.1 Coefficients Of SFA Model And Weight Of The Pollutants 

The Parameters estimated are presented in Table 2. Only Carbon dioxide (𝐶𝑂2) and 

Carbon monoxide (CO) are significant in both TI and TFE models and the magnitude of 

their estimates does not substantially differ.The parameter 𝛾 is defined as the ratio of the 

variance of the inefficiency term 𝑢𝑖𝑡 to the variance of the sector-specific effects 𝛼𝑖. More 
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specifically, 𝛾 = 𝜎𝑢2/𝜎𝑠2 where 𝜎𝑢2 is the variance of the inefficiency term and 𝜎𝑠2 is the 

variance of the sector-specific effects. The parameter 𝛾, which is a measure of the 

goodness of fit of the time-invariant model, is found to be insignificant. This suggests that 

the time-invariant model is a poor fit for the data. Moreover 𝛾 is estimated to be 

approximately 1, which means that there is no white noise in the model. This means that 

all deviations from the frontier are attributed to inefficiency, which is deemed 

unreasonable.  

In the case of TFE, the estimates of 𝜆 (where 𝜆 =  𝜎𝑢/𝜎𝑣 ), and the estimates of standard 

deviation 𝑢𝑖𝑡 , where 𝜎𝑢 is the standard deviation of the inefficiency term and 𝜎𝑣 is the 

standard deviation of the homoscedastic error term. 𝜎𝑢 suggest that there is a significant 

level of eco-efficiency in the model. This supports the specification of the TFE model. 

Table 2. Results for the time-invariant and True fixed effect models. 
Model TI TFE 

Variable 𝛽̂ 𝛽̂ 𝑪𝑶𝟐 0.5421*** 

(0.10237) 

0.51446*** 

(0.07746) 

NOx 0.0676 

(0.06737) 

-0.0112 

(0.05627) 

CO 

 

-0.2583*** 

(0.02413) 

-0.2331*** 

(0.02559) 𝝈𝒖 1.2303 0.0733*** 𝝈𝒗 0.0837 0.0578*** 𝝀 𝝁 𝜸 

 

1.3468*** 

0.9953 

1.2681*** 

Note: Estimated coefficients in bold and standard errors are given in parentheses. Significant p-values are 

marked with stars according to: p<0.10=*. p<0.05=** and p<0.01=***. 
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In summary, the TFE model is better suited for the data than the time-invariant model, as 

it incorporates the time-varying nature of eco-efficiency and captures the influence of both 

environmental pressures and inefficiency on the output. 

Table 3 presents the estimated weights of the environmental pressures. The calculated 

pressure weight, 𝑒𝑥𝑝 (𝛽̂) of Carbon dioxide 𝐶𝑂2 is more than twice as compared as the 

weight of Carbon monoxide CO. The weights of both Carbon dioxide 𝐶𝑂2 and Carbon 

monoxide CO are significant and thus have a significant interpretation. This suggests that 𝐶𝑂2 contributes more than twice as much as CO to produced output by the 35 sectors of 

Sweden and thus, economic value. This scenario also has a significant implication for the 

policymakers as well, because it gives a clue that Carbon dioxide 𝐶𝑂2  emission reduction 

will be more costly as compared to the reduction of Carbon monoxide CO, so more taxes 

should be implemented on the emission of Carbon dioxide 𝐶𝑂2 than Carbon monoxide CO 

 

Table 3.Estimtes of the weights of the environmental pressures 
Model TI TFE 

Variable 𝑒𝑥𝑝 (𝛽̂) 𝑒𝑥𝑝 (𝛽̂) 𝑪𝑶𝟐 1.7896*** 1.6744*** 𝑵𝑶𝒙 1.0699 0.9888 

CO 0.7723*** 0.7920*** 

Note:Significant p-values are marked with stars according to: p<0.10=*. p<0.05=** and p<0.01=***. 

 

4.2 Eco-Efficiency Scores  

Table 4 and 5 displays the estimated eco-efficiencies for each sector. The TFE model has 

the drawback of assuming that all time-invariant heterogeneity is captured by the unit-

specific constant, 𝛼𝑖 , and not an aspect of inefficiency. (Belotti et al, 2013). This can 

sometimes be problematic because it's feasible for manufacturing to be time-invariantly 
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inefficient. But as observed by Greene. (2005b), none of the models that are currently in 

use are suitable. The TI model cannot separate heterogeneity across sectors from 

inefficiency, which may be one of the reasons for the significantly lower eco-efficiency 

scores compared to those of TFE ( see table 4). 

According to Greene. (2005b), efficiency estimates in the TFE model are overstated by 

roughly 25%, which may account for the model's relatively high levels of eco-efficiency. 

The degree of eco-efficiency compared to other sectors is what matters for the aim of this 

analysis, which is to compare and assess the performance of sectors in terms of eco-

efficiency over time rather than the absolute values of eco-efficiency. With this in mind, it 

is feasible to draw the conclusion that eco-efficiency has increased over the study period 

in practically every sector. The second-to-last column of Table 6 displays the sector-

specific average eco-efficiency (based on the time-varying estimations). As a result of 

some sectors' lacking data during 2010, and from 2019-2020, it is possible to compare the 

disperities between 2011 and 2018. We can learn whether these sectors have evolved over 

time by examining the data at hand, so differences in projected eco-efficiency between 

2011 and 2018 were compared to assess improvement (or lack thereof). 

 

Table 4. Estimates of time-invariant eco-efficiency. 
                                      Sector TI   eco-efficiency 

1. Agricuture, forestry and fishing. 0.143 

2. Mining and quarring. 0.102 

3. Water supply, sewerage,waste management and remeditation activities. 0.126 

4. Construction. 0.036 

5. Wholesale and retail trade and repair of motor vehicles and motorcycles. 0.026 

6. Transport and storage. 0.027 

7. Accomodation and food service activities. 0.280 

8. Information and communication. 0.101 
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9. Real stae activities. 0.075 

10. Public administration and defence, compulsory social security. 0.124 

11. Education 0.156 

12. Human health and social work. 0.038 

13. Art entertainment and recreation. 0.314 

14. Sports activities and amusement. 0.501 

15. Administration and support service activities. 0.154 

16. Professional, scientific and technical activities. 0.073 

17. Financial and insurance activities.                                       0.204 

18. Telecommunication. 0.382 

19. Printing and reproduction of recorded media. 0.985 

20. Manufacturing of food products and tobaco. 0.262 

21. Manufacturing of textiles, wearing apparel, leather and related products. 0.479 

22. Manufacturing of paper and paper products. 0.142 

23. Manufacturing of coke and refined petroleum products. 0.377 

24. Manufacturing of chemical and chemical products. 0.418 

25. Manufacturing of basic pharmaceutical products and preparations. 0.455 

26. Manufacturing of rubber and plastic products. 0.031 

27. Manufacturing of other non-metalic mineral products. 0.546 

28. Manufacturing of basic metals. 0.231 

29. Manufacturing of fabricated metal products, except machinery and equipment. 0.281 

30. Manufacturing of computer, electronic and optical produtcs. 0.480 

31. Manufacturing of electric equipments. 0.519 

32. Manufacturing of motor vehicles, trailers and semi trailers. 0.103 

33. Manufacturing of other transport equipmnets. 0.619 

34. Repair of installation of machinery and equipment. 0.699 

35. Electricity, gas, steam and air condition supply. 0.190 

  

If we look at TI model, Printing and reproduction of recorded media, (98.5%), Repair of 

installation of machinery and equipment (69.9%), Manufacturing of other transport 

equipments (61.9%), Manufacturing of other non-metalic mineral products ((54%) and 
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Manufacturing of electric equipments (51.9%) has the highest estimated eco-efficiency. 

On the other hand  Real estate activities (7.5%), Professional, scientific and technical 

activities (7.3%), Human health and social work (3.8%) and Construction (3.6%) shows 

the worst perfromance. 

If we istead look at TFE model, even though relatively small in magnitude, Transport and 

storage (2.4%), Real estate activities (1.1%), Sports activities and amusement (0.4%), 

Professional, scientific and technical activities (3%), Manufacturing of rubber and plastic 

products (16%)  and  Manufacturing of motor vehicles, trailers and semi trailers (15%) 

show a negative development in eco-efficiency, i.e., inefficiency in production with 

respect to emissions have increased between 2011 and 2018. Education and 

Administration and support service activities, on the other hand, stands out in comparison 

to the others with a quite large deterioration of  13.2% and 17.1% respectively. Sectors 

that show the largest improvement in eco-efficiency are Manufacturing of basic 

pharmaceutical products and preparations (35.9%), Agriculture, forestry and fishing 

(35%), Manufacturing of food products and tobacco (25.5%), Mining and quarring (22%) 

and  Water supply, sewerage,waste management and remediation activities (21%). 

 

 Table 5. Estimates of time-varying eco-efficiency 
          Sector          2011 2012 2013 2014 2015 2016 2017 2018 Mean Diff. 2018-2011 

1.AFF 0.629 0.690 0.724 0.799 0.938 0.969 0.972 0.979 0.837 0.350 

2.MQ 0.753 0.819 0.852 0.895 0.885 0.925 0.966 0.975 0.883 0.222 

3.WSW 0.766 0.889 0.963 0.969 0.972 0.961 0.953 0.977 0.931 0.210 

4.C 0.812 0.918 0.911 0.909 0.958 0.974 0.971 0.983 0.929 0.172 

5.WRT 0.752 0.863 0.925 0.942 0.921 0.974 0.926 0.933 0.904 0.181 

6.TS 0.977 0.973 0.969 0.930 0.907 0.940 0.954 0.953 0.950 -0.024 

7.AFS 0.914 0.948 0.955 0.957 0.967 0.974 0.948 0.976 0.954 0.062 

8.IC 0.880 0.939 0.902 0.933 0.939 0.942 0.947 0.981 0.932 0.101 

9.REA 0.955 0.962 0.978 0.941 0.916 0.931 0.965 0.944 0.949 -0.011 

10.PADCSS 0.899 0.946 0.961 0.959 0.966 0.984 0.923 0.949 0.948 0.051 

11.E 0.989 0.973 0.931 0.932 0.906 0.905 0.838 0.857 0.916 -0.132 
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12.HHSW 0.815 0.927 0.933 0.918 0.967 0.963 0.962 0.974 0.932 0.159 

13.AER 0.914 0.906 0.961 0.955 0.959 0.961 0.968 0.975 0.957 0.061 

14.SAA 0.962 0.967 0.957 0.952 0.963 0.966 0.949 0.958 0.959 -0.004 

15.ASSA 0.998 0.976 0.941 0.942 0.926 0.965 0.828 0.817 0.922 -0.171 

16.PSTA 0.943 0.921 0.952 0.991 0.940 0.971 0.901 0.913 0.226 -0.03 

17.FIA 0.879 0.951 0.965 0.956 0.964 0.963 0.953 0.971 0.950 0.092 

18.T 0.950 0.959 0.958 0.966 0.957 0.957 0.944 0.964 0.956 0.014 

19.PRRM 0.945 0.963 0.950 0.947 0.951 0.960 0.963 0.980 0.957 0.035 

20.MFPT 0.653 0.719 0.952 0.795 0.985 0.961 0.926 0.908 0.862 0.255 

21.MTWALRP 0.741 0.849 0.822 0.865 0.825 0.971 0.911 0.940 0.865 0.199 

22.MPPP 0.918 0.965 0.958 0.940 0.932 0.955 0.941 0.975 0.948 0.057 

23.MCARPP 0.825 0.882 0.927 0.915 0.946 0.962 0.965 0.980 0.925 0.155 

24.MCCP 0.733 0.819 0.872 0.860 0.805 0.981 0.951 0.919 0.867 0.186 

25.MBPPP 0.623 0.912 0.792 0.810 0.853 0.901 0.921 0.982 0.849 0.359 

26.MRPP 0.924 0.861 0.917 0.930 0.933 0.944 0.920 0.908 0.917 -0.016 

27.MONMP 0.831 0.832 0.970 0.900 0.916 0.804 0.949 0.911 0.889 0.08 

28.MBM 0.935 0.946 0.957 0.939 0.911 0.978 0.965 0.978 0.951 0.044 

29.MFMPEME 0.860 0.908 0.941 0.951 0.971 0.971 0.973 0.974 0.944 0.115 

30.MCEOP 0.788 0.831 0.842 0.901 0.886 0.953 0.977 0.915 0.884 0.127 

31.MEE 0.933 0.927 0.918 0.921 0.953 0.977 0.940 0.958 0.940 0.025 

32.MMVTS 0.976 0.970 0.946 0.941 0.931 0.921 0.949 0.961 0.949 -0.015 

33.MOTE 0.899 0.962 0.966 0.952 0.975 0.958 0.980 0.953 0.943 0.054 

34.RIME 0.875 0.897 0.975 0.939 0.970 0.986 0.969 0.935 0.943 0.06 

35.EGSAS 0.916 0.934 0.926 0.963 0.964 0.965 0.953 0.965 0.948 0.049 

 

5. Conclusion 
 

The findings are consistent with other research addressing the upward trend in eco-

efficiency over time and, in most cases, which particular countries perform "best" and 

"worst" in the sample (even though they employ the DEA technique) (Camarero et al, 

2013; Kiani Mavi et al, 2019). According to the findings of this investigation, it is 

impossible to say whether environmental pressure has lessened while output has grown or 

if both production and emissions have increased, but that production has increased more. 

That is to say, it is not feasible to identify whether there is an absolute or relative 
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decoupling of emission and production (and some sectors may even exhibit the reverse 

trend), which would be a natural and significant expansion of the research. 

The original data set included production and emissions at the sector level, but to make the 

analysis more thorough, it would give a more accurate picture if the different industries 

were taken as there can be significant differences in production and associated emissions 

between them, i.e.., some industries have very low levels of emissions related to 

production compared to others. The model and analysis described in this article may be 

further extended in this way. Additionally, it would be possible to model the factors that 

affect eco-efficiency for a more thorough analysis that could inform decision-makers 

about the factors that affect eco-efficiency and, in turn, what kinds of policies and/or 

instruments would be suitable to boost performance in the future. 

 

6. Appendix 
 

Table 6. List of sectors with Abbreviations. 

                           Sectors 

1. Agriculture, Forestry and Fishing: AFF 

2. Mining and Quarrying: MQ 

3. Water Supply, Sewerage, Waste Management and Remediation Activities: WSW 

4. Construction: C 

5. Wholesale and Retail Trade and Repair of Motor Vehicles and Motorcycles: WRT 

6. Transport and Storage: TS 

7. Accommodation and Food Service Activities: AFS 

8. Information and Communication: IC 

9. Real Estate Activities: REA 

10. Public Administration and Defence, Compulsory Social Security: PADCSS 

11. Education: E 

12. Human Health and Social Work: HHSW 

13. Arts, Entertainment and Recreation: AER 

14. Sports Activities and Amusement: SAA 

15. Administration and Support Service Activities: ASSA 

16. Professional, Scientific and Technical Activities: PSTA 
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17. Financial and Insurance Activities: FIA 

18. Telecommunication: T 

19. Printing and Reproduction of Recorded Media: PRRM 

20. Manufacturing of Food Products and Tobacco: MFPT 

21. Manufacturing of Textiles, Wearing Apparel, Leather and Related Products: MTWALRP 

22. Manufacturing of Paper and Paper Products: MPPP 

23. Manufacturing of Coke and Refined Petroleum Products: MCARPP 

24. Manufacturing of Chemicals and Chemical Products: MCCP 

25. Manufacturing of Basic Pharmaceutical Products and Preparations: MBPPP 

26. Manufacturing of Rubber and Plastic Products: MRPP 

27. Manufacturing of Other Non-metallic Mineral Products: MONMP 

28. Manufacturing of Basic Metals: MBM 

29. Manufacturing of Fabricated Metal Products, except Machinery and Equipment: 

MFMPEME 

30. Manufacturing of Computer, Electronic and Optical Products: MCEOP 

31. Manufacturing of Electrical Equipment: MEE 

32. Manufacturing of Motor Vehicles, Trailers and Semi-trailers: MMVTS 

33. Manufacturing of Other Transport Equipment: MOTE 

34. Repair of Installation of Machinery and Equipment: RIME 

35. Electricity, Gas, Steam and Air Condition Supply: EGSAS 
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