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ABSTRACT 

In this thesis, U.S. manufacturing industries` global supply chain-linked energy use and economic 

output are investigated considering a total of 16 renewable and nonrenewable energy carriers. A multi-

region input output (MRIO) framework is employed to conduct the global supply chain-linked energy use 

impact assessment. The study period was between 1995 and 2014 based on data availability. Thus, 20 

MRIO models were developed. Each MRIO model consists of the 40 largest economies of the world and 

the rest of the world (ROW) as the 41st country. Each country’s economy was structured into 35 

manufacturing and service industries based on the Worth Input Output Database’s (WIOD) classification. 

The U.S. manufacturing industries’ economic output and detailed renewable and nonrenewable energy used 

are traced at the onsite (direct) impact and domestic and global supply chain (indirect) levels. Results 

indicated that food, beverages and tobacco industries were the main contributors to total economic output. 

Mining, quarrying, chemical and chemical products industries were identified in the second and third place, 

respectively, based on their total economic output percentage in 2014. Furthermore, U.S. manufacturing 

industries’ energy use was found to be heavily dependent on nonrenewable energy sources at 95.4%. Thus, 

only 4.6% of the total energy use was from renewable energy sources during 1995 to 2014.  

Subsequently, the renewable and nonrenewable energy use of the U.S. manufacturing activities 

were quantified with MRIO models. The renewable and nonrenewable energy use of industries and 

countries were benchmarked with Data Envelopment Analysis (DEA). The objective of benchmarking was 

to identify the countries and industries with the ratio of renewable energy use to the nonrenewable energy 

use in the global supply chains. Two benchmarking measures were proposed in the DEA phase, 

renewability ratio (RR) and economic-output-induced renewability ratio (E-RR). These two measures are 

used to conduct the benchmarking analysis on countries and industries and rank them based on the 

corresponding efficiency scores for every 5-year period between 1995 and 2014. High efficiency scores 

found for industries which use less nonrenewable energy and high renewable energy such as gas and water 

supply (EGW), private households with employed persons (PHEP), other community and social and 

personal services (OCSPS) for the RR analysis. Furthermore, the least five efficient countries were found 
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to be Indonesia, Russian Federation, Romania, Bulgaria and Lithuania, respectively. The RR measure was 

more conservative in identifying and scoring the industries and countries in terms of ratio of renewable to 

nonrenewable energy use. On the other hand, the E-RR approach was found to be more optimistic in terms 

of efficiency scores since the industries’ economic output was considered in addition to the ratio of 

renewable to nonrenewable energy use impact. 
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1. INTRODUCTION 

 
Manufacturing industries are primary industries for a sustainable economic growth in a country’s 

economy. Gross output of U.S. manufacturing industries has been growing since 2008 financial crisis with 

an average growth rate of %0.55 (BEA - Gross Output of United States (U.S.) Manufacturing, 2018). There 

are nearly 12.5 million manufacturing workers in the U.S., accounting for 8.5 % of the workforce. Since 

the end of the Great Recession (2008), the manufacturing industry has employed more than one million 

workers (Bureau of Labor Statistics et al, 2016). The continuous economic growth of manufacturing 

industries brings energy and natural resource requirement challenges; as well as, it increases manufacturing 

industries` associated environmental impacts such as, energy consumption, greenhouse gas (GHG) 

emissions, material and land footprint. In terms of GHG emissions, manufacturing industries contribute the 

third largest portion of GHG emissions, after electricity production and transportation, and account for 

about one-third of the total energy consumption (Niwa, 2016). In this context, energy consumption and 

GHG emissions are highly correlated as the energy sources tend to be more nonrenewable (Kucukvar et al., 

2016). Therefore, it is clear that energy consumption is among the key environmental issues that is 

associated with manufacturing industries in any economy (Egilmez et al., 2013). EIA's recently 

released (International Energy Outlook, 2013) projects that world energy consumption will grow by 56% 

between 2010 and 2040, from 524 quadrillion British thermal units (Btu) to 820 quadrillion Btu. Global 

energy consumption is highly dependent on fossil fuels according to the data. In 2012, fossil fuels accounted 

for 84% of worldwide energy consumption (U.S. Energy Information Administration, 2016). The U.S. is a 

highly industrialized country, with the industrial sector accounting for about one-third of the total U.S. 

energy consumption in 2016, and fossil fuels are the largest sources of energy for electricity generation.  

Unfortunately, the alarm bells started to ring based on recent reports of the Energy Information 

Administration 2017 outlook; about 4,015 billion kilowatt-hours (kWh) (or 4.01 trillion kWh) of electricity 

were generated at utility-scale facilities in the United States. About 63% of this electricity generation was 

from nonrenewable energy sources, fossil fuels (coal, natural gas, petroleum, and other gases). About 20% 

file:///C:/Users/Bahadir%20Ezici/Dropbox/2018%20Bahadir%20Thesis/Literature/Literature%20Review/kucukvar2016.pdf
file:///C:/Users/Bahadir%20Ezici/Dropbox/2018%20Bahadir%20Thesis/Literature/Literature%20Review/kucukvar2016.pdf
https://www.eia.gov/forecasts/ieo/
file:///C:/Users/Bahadir%20Ezici/Dropbox/2018%20Bahadir%20Thesis/Literature/Literature%20Review/International%20Energy%20Outlook%202016%20fossil%20fuels%20Lgxsft.pdf
https://www.eia.gov/tools/glossary/index.php?id=Industrial%20sector
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was from nuclear energy, and about 17% was from renewable energy sources (U.S. Energy Information 

Administration, 2018).  

Human population continues to grow, which necessitates positive economic growth to provide for 

a healthy and happy life across the globe. In this regard, the manufacturing industry has one of the highest 

employment and productivity impacts on a region or country’s economy (Scott, 2015). For example, 

electricity has the top place in consuming energy sources; more than any other sectors in the U.S. Total 

electricity usage in the United States in 2017 was more than 13 times greater than electricity used in 1950.  

(U.S. Energy Information Administration, 2017). This increased consumption is attributed to the population 

and economic growth, while technological advancements are expected to reduce the energy intensity of 

production processes (National Academy of Sciences, National Academy of Engineering, 2009). It is 

possible to reduce annual energy related carbon dioxide emissions in the U.S. in 2040 by roughly 6%, based 

on current laws and policy. This reduction adds up to a cumulative emission savings approaching five 

billion metric tons, according to the (U.S. Energy Information Administration, 2013). Energy consumption 

is expected to increase based on historical data. A forecasting study shows that total world energy 

consumption is expected to rise from 575 quadrillion British thermal units (Btu) in 2015 to 736 quadrillion 

Btu in 2040 an increase of 28% (U.S. Energy Information Administration, 2017). This clearly indicates that 

energy use impacts of manufacturing activities need to be thoroughly investigated. 

Therefore, studying renewable vs. nonrenewable energy use of U.S. manufacturing is important for 

sustainable development of the U.S. economy. The U.S. manufacturing industry would be considered as 

the tenth largest economy if it were considered its own country. It produces the vast majority of goods and 

services measured by gross domestic output (GDP) (U.S. Energy Information Administration, 2017). The 

choices of U.S. manufacturing industries on the usage of energy resource type (renewable or 

nonrenewable), will have a significant effect on global energy resource level. It is important to record the 

type of energy usage for U.S. manufacturing industries and their supply chain linkages with other countries 

in order to forecast future energy resource levels. Furthermore, this thesis studies the energy use efficiency 

of industries and countries to determine which are efficient and which are not. 
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2. LITERATURE REVIEW 

 
2.1. Life Cycle Assessment 

 

Sustainability assessment literature consists of predominantly three Life Cycle Assessment (LCA) 

approaches, including process-based life-cycle assessment (P-LCA), input-output LCA (IO LCA), and 

hybrid LCA (Heijungs and Suh., 2013). Life Cycle Assessment has been the predominant quantitative 

sustainability assessment method used by researchers for tracing social, economic, and/or environmental 

impacts, considering the entire life cycle of a product or service (Curran, 1996).  

Process life cycle assessment (P-LCA) can be defined as categorizing the process of inputs and 

outputs of the product or service. For example, if we consider the production of a disposable paper plastic 

cup, P-LCA starts with categorizing the inputs and outputs of the cup. The inputs are raw materials used 

such as glue and paper, and the energy spent by the machine to give a cup its’ desirable shape. Scrap paper 

material, waste glue, and low-quality cups become waste as an output of the process. Examples of works 

that use P-LCA on various processes such as food production process (Andersson and Ohlsson, 1994), milk 

production (Eide, 2002), cattle production (Pelletier et al., 2010) and crop production (Cellura et al., 2012). 

LCA becomes a complex sustainability assessment, when we aim to trace the ripple impacts of 

parts, sub-parts, materials and energy used in production, but provided by the supply chain industries. For 

example, raw materials such as pulp, water, and dyes are used to make the paper. The industries that provide 

these raw materials have their own processes, which makes it a complex problem to tackle with P-LCA due 

to high level of data collection requirements, longer time it takes to complete the assessment, and more 

expensive for the researcher (Egilmez et al., 2013). To overcome the aforementioned limitations and 

challenges of LCA, input-output analysis (IOA) has been merged with environmental impact estimation in 

the literature and these models are typically defined as input output-based LCA (IO-LCA). One of the 

earlier models, economic input-output (EIO-LCA) developed by Carnegie Mellon University, focused on 

tracing the onsite and domestic supply chain impacts of products and service for the U.S. economy. Later, 

a number of IO-LCA approaches such as ECO LCA and multi-region input-output (MRIO) models were 



4 
 

also proposed in the literature (Kucukvar et al., 2015). Thirdly, hybrid life cycle assessment is a 

combination of P-CLA and IO-LCA in order to eliminate the incomplete boundaries for P-CLA Yang et al. 

(2017).  

In the last two decades, IO-LCA applications have been widely used to study the environmental, 

economic, and social impacts of industrial processes at the regional or national economic scales (Park et 

al., 2016). The relevant literature is abundant with works that use or propose IO-LCA approaches to 

investigate direct and indirect (supply chain-linked) environmental, social, and economic implications of 

products, processes, and industries. In another work, Wiebe et al. (2012), studied the direct and indirect 

impact energy use and CO2 emissions associated with production of goods or service in 53 countries, 2 

regions, and 48 sectors. Pan et al. (2017) reveals the relations between energy supply and demand in order 

to provide optimal design for energy demand and supply. Palmer (2017) developed an environmentally 

extended IOA to estimate the energy flows. Wu and Chen (2017) compared China`s energy use with the 

rest of the world. Hamilton and Kelly (2017) studied the interactions between energy, water, and food 

impacts of products in their different levels of supply chains. Chen et al. (2018) investigated the regional, 

national, and global level of embodied energy flow network by adapting the environmentally extended 

input-output analysis. 

Even though, IO-LCA approaches brought credible advantages in terms of tracing the direct and 

indirect (supply chain) impacts at the regional or national economy scopes, previous works majorly 

employed a single region IO-LCA approach, where domestic technology assumption was held. This creates 

critical limitation in terms of tracing the sustainability impacts at the global-economy scope (Park et al., 

2016).  Therefore, multi region input output analysis (MRIO) approaches have recently been adopted to 

overcome the limitations of single region IO-LCA approaches Andrew et al. (2009). Indeed,  Wiedmann et 

al. (2011) emphasized why the MRIO analysis is so popular nowadays, by listing and discussing the 

advantages of the framework and suggesting future works on the model. Some of the advantages of MRIO 

are: it provides the ability to track the impact of international manufacturing and supply chains on multiple 
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industries in multiple countries, it could be extended for forecasting and projection applications, and 

complex products and processes that have global supply chains could be more accurately studied.  

In terms of the applications of MRIO, for example, Wiedmann (2009) compared the IO model to 

the MRIO model and analyzed works conducted on tracing consumption-based emissions and resource 

accounting. Lenzen et al. (2010) developed an MRIO analysis to investigate the uncertainty (standard 

deviations) for carbon multipliers in the UK’s economy. Su and Ang (2014) traced the effects of inter-

regional and international trade on carbon footprint for China. Zhang et al. (2015) divided China into seven 

regions and studied the energy flows within and across these regions by using MRIO. Zhang et al. (2016) 

investigated embodied energy transfers of China, based on geographical and time changes using the MRIO 

models for domestic trades for specific time series. Hong et al, (2016) accomplished research on energy use 

embodied in Chinese consumption and interregional trade in the construction industry within China. Xia et 

al, (2017) investigated coal routes and its utilization in the world using MRIO table for different type of 

coal species for 2011. Sun et al, (2017) studied three major regions for China and their energy embodied 

consumptions and contributions to development for the country. Nakanoet al., (2018) proposed MRIO 

analysis to investigate the next generation energy system (IONGES) related with renewable energies. Ali 

et al., (2018) analyzed the carbon and water footprint for Italy with MRIO framework. Zhang et al. (2013) 

used MRIO to reveal hidden embodied energy flows domestically and inter-regionally in China. These 

aforementioned works clearly indicate that MRIO analysis has been predominantly used for studying 

energy use and energy footprint in emerging and developed economies, considering supply chain impacts 

within and between various regions of the world economy. Table 1 provides a summary of relevant works 

that focused on carbon and energy footprint by using MRIO analysis. Carbon and energy use impacts are 

highly correlated to each other in many regions of the world due to the larger dependency on fossil fuels 

for power production. In this regard, studying energy use impacts of the growing world economies is of 

importance, and is just as critical as addressing climate change impacts though carbon footprint analysis. 
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Table 1. Summary of IO-based Energy Footprint Assessment Works 

 
Study Focus Scope Method 

1 Wiedmann 
(2009) 

CO2, energy, GHG Survey IO & MRIO 

2 Andrew et al. 
(2009) 

Carbon 87 Countries MRIO 

3 Lenzen et al. 
(2010) 

CO2 UK MRIO 

4 Kanemoto et al. 
(2011) 

N/A 187 Countries MRIO 

5 Wiedmann et al. 
(2011) 

N/A Methods MRIO 

6 Wiebe et al. 
(2012) 

Energy & Carbon 53 Countries, 2 
Regions, 48 sectors 

MRIO 

7 Zhang et al. 
(2013) 

Energy China IO-MRIO 

8 Su and Ang 
(2014) 

Carbon China MRIO 

9 Lindner and 
Guan (2014) 

Carbon China (EIOA) Environmentally ex- 
tended input-output analysis 

10 Y. Zhang et al. 
(2015) 

Energy China MRIO 

11 Rocco and 
Colombo (2016) 

Energy Global IO-MRIO 

12 Kadhim (2016) Carbon and Energy 41 Countries MRIO 
13 Honget al. 

(2016) 
Energy China MRIO 

14 Hong et al. 
(2016) 

CO2 Australia MRIO 

15 Chen et al. 
(2017) 

Coal 187 Countries MRIO 

16 Wu and Chen 
(2017) 

Energy China IO 

17 Palmer (2017) Energy Australia EE-IO 
18 Pan et al. (2017) Energy China IO 
19 Hamilton and 

Kelly (2017) 
CO2 Sub-Saharan Africa IO 

20 Sun et al. (2017) Energy China MRIO 
21 Owen et al. 

(2018) 
Energy-Water UK IO & MRIO 

22 Nakano et al. 
(2018) 

Energy Japan MRIO 

23 Chen et al. 
(2018) 

Energy Global EEIOA 

24 Ali et al. (2018) CO2 Italy MRIO 
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The U.S. economy has been among the most economically sustainable and powerful countries, 

which also influences global economic policy making and trade. In this regard, like any country, 

manufacturing industries play a critical role for the U.S. economic output growth. While providing 

enormous benefits to the economy and society with employment, manufacturing industries are also 

responsible for considerable amount of environmental impacts, specifically greenhouse gas (GHG) 

emissions and energy use (Kucukvar et al., 2016; Egilmez et al., 2017). Recent reports also indicate that 

energy use by residential and private industries is among the top drivers of the overall energy and carbon 

footprint in the U.S (U.S. Energy Information Administration, 2017). In this context, the majority of the 

relevant literature has addressed the economic and environmental impacts of U.S. manufacturing by using 

single-region IO-LCA models such as Egilmez et al. (2013), Egilmez and Park (2014), Park et al, (2015), 

Egilmez and Park (2014), Park et al. (2016),  Egilmez et al. (2017). 

In a recent study, Abbod (2016) investigated the multi-region carbon and energy use impacts of the 

U.S. manufacturing industry from a stochastic MRIO perspective, where the energy use was an aggregation 

of all renewable and nonrenewable energy sources. While this work addresses the energy use impacts of 

U.S. manufacturing economic output in the global supply chains, the energy use was traced as a whole, and 

no specific attention was paid to the specific renewable and nonrenewable energy carriers. And, it is crucial 

to study the renewable and nonrenewable energy use impacts in detail, which is the primary focus of this 

thesis. 

2.2. Eco-Efficiency Assessment with Data Envelopment Analysis (DEA) 
 
Manufacturing industries use both nonrenewable and renewable energy sources to carry out their operations 

and produce final products to other industries and customers. In this regard, eco-efficiency concept has been 

widely used to assess the specific industries, products, or service economic contribution in comparison to 

their associated environmental impacts. Eco-efficiency is termed as the ratio of the economic benefits of a 

DMU’s activity to the environmental impacts of the corresponding activity (Egilmez et al., 2013).  Among 

the quantitative approaches, Data Envelopment Analysis (DEA) is widely used for eco-efficiency analysis 
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(Huppes and Ishikawa, 2005) due to being a robust linear programming-based benchmarking approach. 

DEA is typically used to compare performance of Decision-Making Units (DMUs) (Sembill and Dreyer, 

2009). DEA has been used to compare performance of banks, hospitals, stock market companies, schools, 

universities, etc. (Egilmez et al., 2016a; Egilmez et al., 2016b). DMUs could be formed as countries, 

industries, higher institutions, and so on, where a DMU is to be benchmarked with the rest of the DMUs in 

the study sample. DEA experiments results in an efficiency score, typically between 0 and 1 for each DMU, 

which indicates a relative performance based on the ratio of outputs (produced) to inputs (used) for the 

production activity (Sherman and Zhu, 1997). In the literature, efficiency scores are typically obtained 

based on the assumption of ratio of output(s) to input(s), thus DMUs with higher output produced and less 

inputs used are deemed to be classified as efficient, which yields a score of 1 (Park et al. 2016).   

For example, Chien and Hu. (2007) analyzed the effect of using renewable energy on technical efficiency 

of 45 countries for a specific time period. Park et al. (2016) integrated DEA with ecologically based life 

cycle assessment (Eco-LCA) and recipe to reveal the impacts related to agricultural and food production 

activities in U.S. Moreover, Vázquez-Rowe et al. (2012), combined LCA + DEA models to make 

performance analysis for grape producers in Spain, and concluded producers can increase their efficiency 

by reducing the material inputs (Chenel et al. 2014),  

Furthermore, a number of works focused on the energy use efficiency of the countries and industries 

using different methodologies. For example, Miketa and Mulder, (2005), studied the energy-productivity 

performance of 56 countries in 10 manufacturing sectors, during the period 1971-1995. Phylipsen et al. 

(1997), conducted an efficiency analysis on manufacturing energy intensities among countries considering 

account structural differences of countries. Ramanathan, (2005) studied the energy consumption and carbon 

dioxide emissions of 17 countries in the Middle East and North Africa by adapting DEA to make an 

efficiency analysis on countries in both regions based on their energy consumption and CO2 levels.  Sözen 

and Alp, (2009) used DEA to compare Turkey`s energy use efficiency with the European Union (EU) 

countries by considering the energy consumption, local pollutants and greenhouse gas emissions. Honma 

and Hu (2014) estimated total-factor energy efficiency (TFEE) scores of 47 regions including years 1996 
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through 2008 by adapting stochastic frontier analysis model. Mukherjee (2008), applied DEA to analyze 

energy efficiency for the aggregate manufacturing sectors.  

Furthermore, Egilmez et al. (2013) used EIO-LCA to quantify the single region (domestic onsite 

and domestic supply chain impacts) economic output and five environmental impacts (GHG emissions, 

energy use, water use, toxic releases, hazardous waste generation) of U.S. manufacturing industries for a 

single year study period (2007). In the latter part of this work, eco-efficiency analysis was conducted by 

using economic output as the nominator and environmental impacts as denominator. Even though this work 

is the closest study to the secondary focus of this thesis, there were four major limitations of Egilmez et al. 

(2013), which are further investigated with this thesis.  

1) The energy impacts were considered as a whole (renewable and nonrenewable), which did not 

let the researchers to understand the impacts by renewable and nonrenewable energy carriers.  

2) Single region IO-LCA approach was used, which holds domestic technology assumption Miller 

and Blair (2009), thus the global supply chain impacts of U.S. manufacturing activities were neglected.  

3) The study was conducted for only 2007-year data, which is quite outdated today and did not let 

the researchers to study the pattern of change over a longer time period.  

4) The eco-efficiency analysis considers 5 environmental impacts together, which did not reveal 

insights about renewable vs. nonrenewable energy use. 

Based on the IOA literature review, which was summarized in Table 1, studying the renewable and 

nonrenewable impacts of the U.S. manufacturing industries at the global scale has not been addressed. In 

fact, investigating the global and domestic energy use of the U.S. manufacturing activities considering the 

global trade-linked economic flows is of importance; because U.S. manufacturing has been in severe 

competition with emerging economies such as China, Canada, European Union (EU) countries. Therefore, 

this thesis focuses on investigating the economic output and the renewable and nonrenewable energy use 

impacts of the U.S. manufacturing activities over a 20-year study period. The scope of energy use involves 

the energy use onsite (production processes), and national (domestic) and global supply chains where the 

U.S. manufacturing industries are supported with raw materials, energy, and services. The secondary focus 
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of this thesis is to investigate the efficiency of aggregated renewable energy use to aggregated nonrenewable 

energy use of countries and industries. The following section explains the proposed methodology in detail. 
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identified as nonrenewable by (U.S. Energy Information Administration, 2018). Energy sources vary in 

terms of the category such as, liquid fuels in barrels or gallons, natural gas in cubic feet, coal in short tons, 

and electricity in kilowatts or kilowatt-hours (U.S.  Energy Information Administration, 2018). In this 

thesis, energy data are represented using tera-joules (TJ) and monetary flow represented by million dollars 

of economic activity (M$). 

Table 2. Primary energy carriers in WIOD 

Primary Energy Carriers WIOD Code 
Crude oil Crude 
Coal HCoal, BCoal, Coke 
Natural Gas NatGas, OthGas 
Nuclear Energy Nuclear 
Renewable Waste, Biogasol, Biodiesel, Biogas, 

Geotherm, Solar, Wind, Othsourc, Hydro 
 

Table 3. WIOD countries and their regional aggregation 

Codes Country Codes Country 
USA United States ROU Romania 
CHN China CZE Czech Republic 
CAN Canada DNK Denmark 
SWE Sweden RUS Russian Federation 
MEX Mexico IRL Ireland 
IND India AUT Austria 
BRA Brazil BGR Bulgaria 
JPN Japan HUN Hungary 
KOR Korea PRT Portugal 
DEU Germany GRC Greece 
TWN Taiwan SVK Slovakia 
GBR United Kingdom EST Estonia 
AUS Australia LTU Lithuania 
IDN Indonesia SVN Slovenia 
FRA France LUX Luxembourg 
ITA Italy LVA Latvia 
NLD Netherlands CYP Cyprus 
ESP Spain MLT Malta 
POL Poland RoW  Rest of The World  
BEL Belgium 
TUR Turkey 
FIN Finland 
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Table 4. WIOD manufacturing sectors and their abbreviations 

Industry Abbreviations 
Agriculture, Hunting, Forestry and Fishing AHFF 
Mining and Quarrying MQ 
Food, Beverages and Tobacco FBT 
Textiles and Textile Products TTP 
Leather, Leather and Footwear LLF 
Wood and Products of Wood and Cork WPWC 
Pulp, Paper, Paper, Printing and Publishing PPPPP 
Coke, Refined Petroleum and Nuclear Fuel CRPNF 
Chemicals and Chemical Products CCP 
Rubber and Plastics RP 
Other Non-Metallic Mineral ONMM 
Basic Metals and Fabricated Metal BMFM 
Machinery, Nec MN 
Electrical and Optical Equipment EOE 
Transport Equipment TE 
Manufacturing, Nec; Recycling MNR 
Electricity, Gas and Water Supply EGW 
Construction C 
Sale, Maint. and Repair of Motor Vehicles and Motorcycles; Retail Sale of Fuel SMRMVM 
Wholesale Trade and Commission Trade, Except of Motor Vehicles and 
Motorcycles WTCT 

Retail Trade, Exc of Motor Vehicles and Motorcycles; Repair of Household Goods RTEMVM 
Hotels and Restaurants HR 
Inland Transport IT 
Water Transport WT 
Air Transport AT 
Other Supporting and Auxiliary Transport Activities; Activities of Travel Agencies OSATA 
Post and Telecommunications PT 
Financial Intermediation FI 
Real Estate Activities REA 
Renting of M&Eq and Other Business Activities RMOBA 
Public Admin and Defence; Compulsory Social Security PAD 
Education E 
Health and Social Work HSW 
Other Community, Social and Personal Services OCSPS 
Private Households with Employed Persons PHEP 

 

Furthermore, MRIO results are normalized prior to the modeling and experimentation of the 

proposed DEA approach. The purpose of normalizing data is eliminating the imbalance of data magnitude 
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due to the multiple units. This normalization method is widely used in previous eco-efficiency assessment 

studies (Egilmez et al, 2013; Vázquez-Rowe et al., 2012b; Iribarren and Vázquez-Rowe, 2013; Talluri and 

Paul Yoon, 2000).  

3.2. The Proposed MRIO Framework 
 

The purpose of developing MRIO models is to quantify the onsite (production), national 

(domestic), and global supply chain-level impacts of the U.S. manufacturing industries` economic outputs 

and associated nonrenewable and renewable energy use. In this regard, the longest study period between 

1995 and 2014 was chosen due the data availability in WIOD database. MRIO models are developed using 

MATLAB software. Energy carriers are classified as renewable and nonrenewable, then evaluated by which 

industries are using more renewable energy versus which industries are more reliant on nonrenewable 

energy sources, by using MRIO results. Furthermore, DEA is adopted to make an efficiency analysis to 

determine which industries are more efficient than the others based on energy use of U.S. manufacturing 

industries on 35 main industries in 40 biggest economies and rest of the world (ROW) (See Table 2).  

3.2.1. A note on the Input Output (IO) Analysis   
 

Input-output-analysis (IOA) is a quantitative economic analysis technique that was initiated by the 

Wassily Leontief in the late 1930’s for the purpose of tracing inter-industry flows and economic output for 

a regional or national economy. Since then, IOA has been widely used to estimate the economic impacts of 

service and production activities at the regional, national, and recently, the global economic perspectives. 

In the early 90’s, IOA was integrated with life cycle assessment (LCA) with the objective of merging the 

results of IOA with environmental impact multipliers so as to quantify the environmental impacts of 

production and service activities. Nowadays, high speed computers and global economic output data 

availability have made IOA possible to study larger datasets and multiple regions of the world in a 

synergistic way. Thus, this made IOA a robust and computationally efficient method for economic and 

environmental impact assessment Miller and Blair (2009). Indeed, IOA could focus on any or every region 

in a state, country, or even multiple countries.  



15 
 

A typical IO table is depicted in Table 5 Chen et al. (2018), with arbitrary data. In simplistic terms, 

rows represent the producers (suppliers), and columns represent the purchasers (users). The data flow 

between rows versus columns are represented. Intermediate demand shows the financial flow from 

suppliers to users. The final demand column typically represents the consumption of final purchasers 

(consumers) such as government, nonprofits, private and fixed investments, and households, however, only 

households are considered in this example (table 5). 

For instance, the agriculture industry uses $40K input from the agriculture industry in the same 

country, whereas the manufacturing industry uses $50K input (raw materials, subparts, etc.) from 

agriculture industry. The final customers (households) also purchase $80K worth of final products from the 

agriculture industry. Thus, the total production of agriculture industry is $40K+$50K+$80K= $170K. And, 

the total production and consumption in this dual-industry economy is $430K. 

Table 5. Typical IO table 

C
ou

nt
ry

 

  

Transaction 

Table 
Intermediate Demand 

Final 

Demand 

Total 

(Output) 

(in thousands of 

units) 
Agriculture Manufacturing  Households 

Sales 

(Output) 

In
te

rm
ed

ia
t

e 
Pr

od
uc

er
 

Agriculture 40 50 80 170 

Manufacturing  20 30 55 105 

Pr
im

ar
y 

Pr
od

uc
e

r Households 110 25 20 155 

  

Total Purchases 

(inputs) 
170 105 155 430 

 

Economic integration in the global markets have been increasing rapidly in the last half-century, as different 

regions of the world get connected to each other more both financially and politically through globalization 
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(Mussa et al, 2000). Therefore, IOA that focuses on a single region (e.g. U.S. economy) would not provide 

sufficient results because it only considers a region and not accounting other countries and their supply 

chain link shares with other countries. In this regard, MRIO analysis has recently become a preferable 

alternative of IOA to account for the limitations of single region IOA approaches. 

3.2.2. Multi Region Input Output (MRIO) Analysis 
 

MRIO analysis eliminates shortcomings of single region IOA by taking into account the cradle-to-

gate life cycle of production and service activities with an extended focus of the associated international 

trade links with other countries. MRIO analysis is more sensitive to the changes in the international 

economic policy and final demand across the regions of the global economy. In this regard, an increase in 

final demand of a specific industry may affect the demand on the same or other industries in the same region 

and/or different regions, which is typically defined as “ripple effect”, like the bullwhip effect at the global 

scale. The case of oil extraction example is illustrated with Figure 2.The downward arrow represents 

demand from other regions which is called the interregional spillover effect Miller and Blair (2009). The 

upward arrow from Region C to B also represents interregional demand. An industry could use its own 

product(s) as raw material (A to A) (B to B) and (C to C) as shown in Figure 2.  
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MRIO analysis is indeed a multi-regional extension of IOA. An example of MRIO model is shown 

in Table 6. Any number of industries can be classified as producer and consumer. An industry can produce 

and at the same time can consume its own product as finished good or raw material. MRIO mathematical 

model can be explained with the following example. In reality, MRIO could be extended to any number of 

regions and industries as long as the input-output (inter industry economic flows) data is available. 

Increased resolution (number of rows and columns) in the input-output tables will enable researchers to 

conduct more in-depth assessments that are more sensitive to the inter industry economic flows. The size 

of input-output table used in this study is 1435x1435, which is quite sufficient in terms of resolution and 

level of depth. 

 

  

Figure 2. Increase demand on Region A affects other regions industry`s on 

upward direction 

Increased demand for oil extraction in Region A 

Increased demand for technology and other sectors in Region B 

Increased demand for production of trucks and other sectors in Region C 

Increased demand for oil extraction due to government policies 
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Table 6. MRIO Example 
U

SA
 

  Transaction Table Intermediate Demand Final 
Demand 

Total 
(Output) 

 (in thousands of 
units) Agriculture Manufacturing  Households Sales 

(Output) 

In
te

rm
ed

ia
te

 
Su

pp
lie

rs
 Agriculture 40 50 80 170 

Manufacturing  20 30 55 105 

Pr
im

ar
y 

Su
pp

lie
r

s Households 110 25 20 155 

 Total Purchases 
(inputs) 170 105 155 430 

C
ou

nt
ry

 X
 

  Transaction Table Intermediate Demand Final 
Demand 

Total 
(Output) 

 (in thousands of 
units) Agriculture Manufacturing  Households Sales 

(Output) 

In
te

rm
ed

ia
te

 
Su

pp
lie

rs
 

Agriculture 15 20 50 85 

Manufacturing  30 25 45 100 

Pr
im

ar
y 

Su
pp

lie
rs

 

Households 40 55 28 123 

  Total Purchases 
(inputs) 85 100 123 308 

C
ou

nt
ry

 Y
 

  Transaction Table Intermediate Demand Final 
Demand 

Total 
(Output) 

 (in thousands of 
units) Agriculture Manufacturing  Households Sales 

(Output) 

In
te

rm
ed

ia
te

 
Su

pp
lie

rs
 

Agriculture 60 43 32 135 

Manufacturing  27 19 53 99 

Pr
im

ar
y 

Su
pp

lie
rs

 

Households 48 37 23 108 

  Total Purchases 
(inputs) 135 99 108 342 
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A simple standard IO model, total industry output vector, x is termed as Miller and Blair, (2009): 

 𝑥 = 𝐴𝑥 + 𝑓        (3.1) 

where A is the direct requirement matrix (in other words transaction matrix), f is the final demand, and x is 

the total output.  

X can be formulated as 𝑥 = 𝐿𝑓 by using the Leontief inverse (𝐿 = (𝐼 − 𝐴)−1) Leontief (1970). Energy use 

impact can be estimate after the total output is found Miller and Blair (2009). 

MRIO model can be represented as in terms of the notation, equations 3.2, 3.3, and 3.4 indicate inter-

industry transactions matrix, final demand vector, and total industry output vector, respectively (Kucukvar 

et al., 2016). 

 𝒁 = [
𝑍𝑟𝑟 𝑍𝑟𝑠 𝑍𝑟𝑡

𝑍𝑠𝑟 𝑍𝑠𝑠 𝑍𝑠𝑡

𝑍𝑡𝑟 𝑍𝑡𝑠 𝑍𝑡𝑡
]                   (3.2) 

In equation (3.2), “Z” represents the monetary transaction matrix between industries. 

 

𝒇 = [

𝑓𝑟

𝑓𝑠

𝑓𝑡
] =

[

𝑓𝑟𝑟 + 𝑓𝑟𝑠 + 𝑓𝑟𝑡

𝑓𝑠𝑟 + 𝑓𝑠𝑠 + 𝑓𝑠𝑡

𝑓𝑡𝑟 + 𝑓𝑡𝑠 + 𝑓𝑡𝑡

]           

(3.3) 

In equation (3.3), “f” represents the final demand column vector. 
 

 𝒙 = [
𝑥𝑟

𝑥𝑠

𝑥𝑡
]                                        (3.4) 

In equation (3.4), “x” represents the total output of industry vector. 
 
In transaction matrix Z, economic flows between regions are depicted, which indicates the $ amount of 

inputs used to produce outputs ($). In (𝑍𝑖𝑗
𝑟𝑠) economic flow from industry i in country r  into industry j in 

country s (Eq 3.2), Furthermore, 𝑓𝑟𝑠 presents the column vector which contains the final demand values 

who use the output as final product such as, individuals consumptions (Eq 3.3), government consumptions 

and investments. Additionally, 𝑥𝑟 represents the column vector of total industry outputs produced in region 
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r (Eq 3.4). Therefore, the MRIO final mathematical formulation of total industry output (x), interindustry 

transaction (Z) and final demand (f) is termed as follows Miller and Blair (2009), Kucukvar et al. (2016): 

 𝑥 = 𝑍𝑖 + 𝑓            (3.5) 

where multiregional technical coefficient (A) matrix can be calculated by using Z and x. Leontief inverse 

function can adopt and Eq (3.5) transforms 𝑥 = 𝐿𝑓 where 𝐿 = [𝐼 − 𝐴]−1 is called as Leontief inverse. One 

of the common usages of A matrix is also called direct requirement matrix  Miller and Blair (2009): 

 
    𝐴 = [

𝐴𝑟𝑟 𝐴𝑟𝑠

𝐴𝑠𝑟 𝐴𝑠𝑠

𝐴𝑡𝑟 𝐴𝑡𝑠
] 

 
where 𝐴𝑟𝑠 = 𝑍𝑟𝑠𝑥−1 

(3.6) 

Then, Leontief inverse (L) in other words total requirement matrix is termed as follows (Eq. 3.7 and Eq. 

3.8) Miller and Blair (2009):  

 [𝐼 − 𝐴] = [
𝐼 − 𝐴𝑟𝑟 −𝐴𝑟𝑠

−𝐴𝑠𝑟 𝐼 − 𝐴𝑠𝑠

−𝐴𝑡𝑟 −𝐴𝑡𝑠
]  (3.7) 

 

 

𝐿 = [𝐼 − 𝐴]−1 = [
𝐼 − 𝐴𝑟𝑟 −𝐴𝑟𝑠

−𝐴𝑠𝑟 𝐼 − 𝐴𝑠𝑠

−𝐴𝑡𝑟 −𝐴𝑡𝑠
]

−1

 

 

 

(3.8) 

Thus, the total energy use (y) for a specific energy carrier could be derived as follows (Eq. 3.9), where y is 

column vector of total energy use Eq (3.9), E is a diagonal matrix of direct energy use per $ million-dollar 

worth of economic output (impact multiplier), and f is final demand. 

 𝑦 = 𝐸𝐿𝑓        (3.9) 

Finally, the MRIO extension of the above framework is depicted as Eq (3.10)   

 𝑦𝑟 =  𝐸𝑟𝐵𝑟𝑟𝑓𝑟+…+𝐸𝑟𝑛𝐵𝑟𝑛𝑟𝑛 + 𝑓𝑟𝑛   (3.10) 
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MRIO analysis is widely used to tracking the monetary flow of industries and countries. Furthermore, 

environmental impacts can be calculated using MRIO analysis. Referring the above set of equations, it is 

possible to trace energy use of all industries across all the countries. Once the energy use impacts of U.S. 

manufacturing industries in the world is traced with the above described framework, results are used as the 

input data for DEA models and experiments.  In this context, data envelopment analysis is adopted to 

evaluate the efficiency levels of countries and industries based on their energy use type (renewable vs. 

nonrenewable) and the total economic output.  

 
3.3. Data Envelopment Analysis 
 

Data envelopment analysis (DEA) is a linear programming-based benchmarking approach initiated 

by Charnels, Cooper and Rhodes (1978). In the early 1980`s, the DEA was typically used to measure only 

technical efficiency Westermann (1999). The analytical benchmarking approach, DEA, was mostly used 

for benchmarking performance of non-profit organizations. Throughout the evolution of DEA approaches 

and applications, the method found use in various problem domains that include benchmarking 

manufacturing, healthcare, government, and financial institutions Egilmez and Steward (2019). As an 

optimization-based benchmarking approach, DEA focuses on evaluating the efficiency of output(s) 

produced compared to input(s) used in multiple benchmarks, Decision-making Units (DMUs), where the 

most efficient DMUs would be indicated with 100% efficiency, and the others would have lower efficiency 

scores Sherman and Zhu (1997). Therefore, DMUs with less inputs usage and higher levels of outputs 

produced would stand out as “efficient.” DEA identifies the most efficient DMUs as best practice units and 

guides the inefficient DMUs on determining the levels of reduction that need to be accomplished in the 

inputs and/or the levels of increase that need to be accomplished in the output(s) to become 100% efficient. 

3.3.1. Mathematical Framework of DEA 
 

DEA general input-oriented model notations are proposed by Cooper et al. (1978) and Charnes et 

al (1978) and indicated below: 
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 𝑚𝑎𝑥 𝜃 =  
∑ 𝑢𝑟𝑦𝑟𝑜

𝑘
𝑟=1

∑ 𝑣𝑖𝑥𝑖𝑗 
𝑚
𝑖=1

        (3.11) 

Subject to: 

 ∑ 𝑣𝑖𝑥𝑖𝑜 = 1𝑚
𝑖=1          (3.12) 

Where j is number of service units, 𝐷𝑀𝑈𝐽 is service unit number j, θ is efficiency rating of the service unit 

being evaluated by DEA, 𝑦𝑟𝑗 is amount of output r used by service unit j, 𝑥𝑖𝑗  is amount of input i used by 

service unit j, i is number of inputs used by the 𝐷𝑀𝑈𝐽, r is number of outputs generated by the 𝐷𝑀𝑈𝐽, 𝑢𝑟 

is coefficient or weight assigned by DEA to output r and 𝑣𝑖   is coefficient or weight assigned by DEA to 

input i. 

 𝐷𝑀𝑈1 =  
𝑢1𝑦11+𝑢2𝑦12+⋯+𝑢𝑟𝑦𝑟1

𝑣1𝑥11+𝑣2𝑥21+⋯+𝑣𝑚𝑥𝑚1
    (3.13) 

 

 𝐷𝑀𝑈2 =  
𝑢1𝑦12+𝑢2𝑦22+⋯+𝑢𝑟𝑦𝑟2

𝑣1𝑥12+𝑣2𝑥22+⋯+ 𝑣𝑚𝑥𝑚1
    (3.14) 

… 

          𝐷𝑀𝑈𝑜 =  
𝑢1𝑦1𝑜+𝑢2𝑦2𝑜+⋯+𝑢𝑟𝑦𝑟𝑜

𝑣1𝑥1𝑜+𝑣2𝑥2𝑜+⋯+𝑣𝑚𝑥𝑚𝑜
 (3.15) 

… 

 𝐷𝑀𝑈𝑗 =  
𝑢1𝑦1𝑗+𝑢2𝑦2𝑗+⋯+𝑢𝑟𝑦𝑟𝑗

𝑣1𝑥1𝑗+𝑣2𝑥2𝑗+⋯+𝑣𝑚𝑥𝑚𝑗
       (3.16) 

𝑢1, … , 𝑢𝑠  ≥  0 𝑎𝑛𝑑 𝑣1, … 𝑣𝑚 ≥ 0 

3.3.3. Proposed DEA Approach  
 

In this thesis, input-oriented DEA is used to conduct energy use efficiency assessment of industries 

and countries. Two energy use efficiency measures are proposed: Renewability ratio (RR) and ecomic-

output-induced renewability ratio (E-RR). 

3.3.3.1. Energy Use Efficiency Measure 1: Renewability Ratio (RR)  
 

As discussed in the literature review, previous closest works that focused on conducting eco-

efficiency analysis typically considering economic output as the output and total energy use as the input 
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(Egilmez et al. 2013; 2015). While these approaches provided critical insights about the total energy use 

impacts and its effect on eco-efficiency of manufacturing industries, the state of art has not addressed the 

ratio of renewable energy to nonrenewable energy use. Therefore, in this thesis, the energy use impacts 

were traced considering 16 energy carriers with MRIO analysis and the resulting energy use impacts data 

were aggregated as renewable and nonrenewable energy use for all industries and countries. Then, RR is 

defined as the ratio of total renewable energy use (𝑦𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒
𝑟

𝑡
) to the total nonrenewable energy use 

(𝑦𝑛𝑜𝑛𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒
𝑟

𝑡
).  The total energy use (both renewable and nonrenewable) data is obtained from the MRIO 

experiments, where the U.S. manufacturing industries’ economic output’s energy use impacts were traced 

at the local and global supply chain levels.  

Following equation depicts the RR measure for industry i, where i=1…35, c is energy carrier (9 

renewable and 7 nonrenewable energy carriers, see Table 2), in year t (between 1995 and 2014). In this 

equation, each industry (i) is considered to be a DMU. Furthermore, to benchmark the countries, the 

industries energy use is aggregated, and each country was treated as a DMU.  

𝑅𝑅𝑖,𝑡 =  
∑ ∑ 𝑦𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒

𝑟
𝑡

41
𝑟=1

9
𝑐=1

∑ ∑ 𝑦𝑛𝑜𝑛𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒
𝑟

𝑡
41
𝑟=1

7
𝑐=1

                                           (3.17) 

The aims of the input-oriented DEA approach are to conduct a RR efficiency analysis for 35 

industries (35 DMUs are comparatively studied), and then for the 41 countries (41 DMUs are comparatively 

studied). The experimentations are conducted for the following years: 1995, 2000, 2005, 2010 and 2014 to 

study the trend of RR-efficiency change in every 5 years.  

To complete the RR efficiency assessment, first renewable and nonrenewable energy use impact of 

the U.S. manufacturing activities were obtained from the experimental results of specific MRIO-1995, 

MRIO-2000, MRIO-2005, MRIO-2010, and MRIO-2014 models. It is important to note that these energy 

use impacts occur in all industries and countries due to the global and domestic supply chain linkages given 

in total requirement matrices (L). Next, the results of renewable and nonrenewable energy use are 

aggregated by country or by industry, depending on the objective of the assessment whether benchmarking 

countries or benchmarking industries, respectively. Lastly, 41 DEA models were built, and experiments 
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were conducted for all countries to quantify the RR efficiency scores, and 35 DEA models were built and 

experiments were conducted for all industries to quantity the RR efficiency scores, respectively. 

3.3.3.2. Energy Use Efficiency Measure 2: Economic-output-induced Renewability Ratio (ERR) 
 

In this measure, the efficiency assessment focus is termed as Economic-output-induced 

Renewability Ratio (E-RR). In the first measure, only energy use impacts were considered, and the focus 

was on the ratio of the total renewable energy use to the total nonrenewable energy use. In this measure, 

economic output was added to make a more comprehensive efficiency assessment (see Eq. 3.18). Mean 

normalization approach was used to normalize the energy and economic output data to make sure the units 

of measurement and scale differences don’t affect the results of experiments (Park et al., 2016). 

𝐸𝑅𝑅𝑖 =  
∑ ∑ 𝑦𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒

𝑟41
𝑟=1

9
𝑐=1 + ∑ 𝑥𝑟41

𝑟=1

∑ ∑ 𝑦𝑛𝑜𝑛𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒
𝑟41

𝑟=1
7
𝑐=1

                                           (3.18) 
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4. RESULTS 

 
The results section consists of two subsections. In the first part, MRIO results are explained. The 

second part introduces the DEA results.  

4.1. MRIO Results 
 

MRIO results are depicted as single year and time-series formats. As a single year, the most recent 

year, 2014, was used to provide insights about total economic output and energy use impacts. In the second 

part, time-series analysis results are provided, where the 20-year study period was focused on. 

4.1.1. Analysis of MRIO-2014 Experiment 
 

The results of MRIO-2014 model are discussed based on industry and country focus, as well as 

economic output and renewable vs. nonrenewable energy perspectives. 

4.1.1.2 Total Economic Output of the U.S. Manufacturing Industries  

The top ten U.S. manufacturing industries’ total economic outputs are depicted as bar chart in fig. 

3. According to the figure 3, food, beverages and tobacco industry was accounted for the highest total output 

with the percentage of 10.92. Mining and quarrying industry and chemical and chemical products industry 

was ranked as second and third, respectively. 

 

 





Non-Renewable Energy Sources Renewable Energy Sources



Non Renewable Energy Usage Renewable Energy Usage
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The domestic (onsite and domestic supply chains) and global economic output shares (%) of the 

U.S. manufacturing industries are provided in Figure 10. According to the results, the total economic output 

of U.S. manufacturing industries increased during the study period, where the domestic (U.S. 

manufacturing activities and supporting supply chain industries activities in the U.S.) and global supply 

chains has a share of 80% to 90%, and 10% to 20%, respectively. 

 

Figure 9. U.S. Domestic and Global Economic Output Shares ($) of U.S. Manufacturing Industries 

 
The results of economic analysis (Fig. 9) show that U.S. manufacturing sectors’ output has the 

lowest output in year 1995, controversially it has the highest share on total global output with percentage 
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of 89. Furthermore, domestic total output share decreases gradually from 1995 to 2014, while direct 

economic output is increasing. This indicates that the global supply chain dependency is financially 

increasing. Domestic economic output average is found as $3.93 million dollars. It reaches its maximum 

output level in 2014 with the output level of $5.36 million dollars and minimum level in 1995 with the 

output level of $2.91 million dollars.  

The domestic and total output levels show that similar production output behavior and their output 

level gradually increased until 2008. The U.S. had an economic crisis in 2008, which affected the domestic 

output level trend adversely and resulted in a $1 million-dollar decline between 2008 and 2009. The bar 

chart shows that domestic and global output level started rising up again in 2010, which also indicates the 

recovery trend of the manufacturing industry between 2010 and 2014. 

 

4.1.2.1 U.S. Manufacturing Industries Energy Use 

Figure 10 represents the nonrenewable energy usage of U.S. manufacturing industries due to their 

domestic and global supply chain linkages. The time series graph covers the years from 1995 through to 

2014.  

 

Figure 10. U.S. Manufacturing Industries Nonrenewable Energy Use (TJ) Due to It`s Supply Chain 

Linkages with Other Countries in Time  
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According to the results, the U.S. consumed the most nonrenewable energy at year 2014 with the level of 

37.9 million tera joule and the lowest usage recorded at 1995 with the energy level of 24.6 million joule. In 

addition, the average consumption for nonrenewable energy source is recorded as 28.4 million tera joule 

for 20 years.  

Furthermore, the chart proves the accuracy of the figure 9 (U.S. Total Economic Output vs Global 

Total Economic Output) by having the same pattern since the trendline should be parallel with the domestic 

total output. Obviously, the economic crisis in 2008 affected domestic and global output levels adversely 

and U.S. manufacturing industries produced less and used less energy compare to other years. Figure 11 

represents the renewable energy usage of U.S. manufacturing industries due to their domestic and global 

supply chain linkages. The time series covers years from 1995 to 2014.  

 

Figure 11. U.S. Manufacturing Industries Renewable Energy Use (TJ) Due to Its Supply Chain Linkages 

with Other Countries in Time  
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that use less nonrenewable energy at the same time high renewable energy and produce more 

total economic output, ranked as the efficient DMU in E-RR analysis 

4.2.1. Renewability Ratio (RR) Industry Results  
 

Changing ranking trends of RR analysis for the industries are shown in table 7 for the years 1995, 

2000, 2005, 2010 and 2014. Ranking scores are ordered based on industries` efficiency scores due to their 

supply chain linkages with U.S. manufacturing industries.  

 
Table 7. Industry Efficiency Ranking Results Based on RR Analysis  

Years 1995 2000 2005 2010 2014    

Industries Score Rank Score Rank Score Rank Score Rank Score Rank Average Minimum Maximum 
AHFF 0.06 10 0.11 14 0.07 19 0.77 6 0.49 7 0.30 0.06 0.77 

AT 0.22 6 1.00 3 1.00 4 1.00 1 1.00 2 0.84 0.22 1.00 
BMFM 0.00 31 0.00 30 0.00 32 0.01 30 0.00 31 0.00 0.00 0.01 

CCP 0.00 26 0.16 11 0.04 22 0.31 13 0.29 10 0.16 0.00 0.31 
CRPNF 0.00 33 0.00 33 0.00 34 0.00 33 0.00 33 0.00 0.00 0.00 

C 0.43 4 0.51 5 0.28 6 0.89 4 0.74 4 0.57 0.28 0.89 
E 0.42 5 0.17 10 0.14 11 0.24 15 0.24 13 0.24 0.14 0.42 

EOE 0.01 19 0.46 6 0.15 9 0.50 9 0.09 21 0.24 0.01 0.50 
EGW 1.00 1 1.00 2 1.00 1 1.00 2 1.00 1 1.00 1.00 1.00 

FI 0.09 8 0.15 12 0.15 10 0.31 12 0.30 9 0.20 0.09 0.31 
FBT 0.00 29 0.00 29 0.00 31 0.01 31 0.01 30 0.01 0.00 0.01 
HSW 1.00 2 0.15 13 0.08 17 0.11 21 0.11 19 0.29 0.08 1.00 
HR 0.04 12 0.09 15 0.09 16 0.14 19 0.14 17 0.10 0.04 0.14 
IT 0.00 30 0.00 31 0.01 30 0.02 24 0.02 24 0.01 0.00 0.02 

LLF 0.00 28 0.06 21 0.06 21 0.50 8 0.65 5 0.26 0.00 0.65 
MN 0.00 22 0.01 26 0.01 28 0.01 27 0.01 27 0.01 0.00 0.01 

MNR 0.02 18 1.00 1 1.00 3 0.83 5 1.00 3 0.77 0.02 1.00 
MQ 0.00 32 0.00 32 0.00 33 0.00 32 0.00 32 0.00 0.00 0.00 

OCSPS 1.00 2 1.00 3 1.00 5 1.00 1 1.00 2 1.00 1.00 1.00 
ONMM 0.00 27 0.02 24 0.02 24 0.21 17 0.02 23 0.05 0.00 0.21 
OSATA 0.03 15 0.08 17 0.17 8 0.43 11 0.42 8 0.23 0.03 0.43 

PT 0.06 11 0.02 23 0.02 25 0.02 25 0.02 25 0.03 0.02 0.06 
PHEP 1.00 2 1.00 3 1.00 4 1.00 1 1.00 2 1.00 1.00 1.00 
PAD 0.04 14 0.04 22 0.02 23 0.04 23 0.04 22 0.03 0.02 0.04 

PPPPP 0.00 25 0.36 8 0.06 20 0.91 3 0.27 12 0.32 0.00 0.91 
REA 0.07 9 0.22 9 0.12 12 0.11 20 0.10 20 0.12 0.07 0.22 

RMOBA 0.03 16 0.08 16 0.09 13 0.70 7 0.19 15 0.22 0.03 0.70 
RTEMVM 0.04 13 0.07 20 0.09 15 0.22 16 0.21 14 0.13 0.04 0.22 

RP 0.01 20 1.00 4 1.00 2 0.07 22 0.13 18 0.44 0.01 1.00 
SMRMVM 0.12 7 0.08 19 0.08 18 0.16 18 0.15 16 0.12 0.08 0.16 

TTP 0.00 24 0.01 28 0.01 29 0.01 29 0.01 29 0.01 0.00 0.01 
TE 0.00 23 0.01 25 0.01 26 0.02 26 0.02 26 0.01 0.00 0.02 
WT 0.56 3 0.38 7 0.21 7 0.46 10 0.49 6 0.42 0.21 0.56 

WTCT 0.02 17 0.08 18 0.09 14 0.28 14 0.28 11 0.15 0.02 0.28 
WPWC 0.01 21 0.01 27 0.01 27 0.01 28 0.01 28 0.01 0.01 0.01 
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The average RR scores of industries for the years 1995, 2000, 2005 and 2014 is provided below. 

According to the results of table 8, the most efficient year is 2010 and least efficient year is 1995. 

Table 8. Average RR scores  

 Years 1995 2000 2005 2010 2014 
Average 0.18 0.27 0.23 0.35 0.30 

Standard Deviation 0.32 0.36 0.36 0.36 0.34 
 

The top 5 most efficient RR industries can be found in table 9. The results are covered averages for 

5 years and minimum and maximum efficiency scores of industries in the years 1995, 2000, 2005 and 2014. 

Table 9. Top 5 Most Efficient Industries Based on RR analysis 

Industry Average Minimum Maximum Standard Deviation 
EGW 1.00 1.00 1.00 0.00 
PHEP 1.00 1.00 1.00 0.00 

OCSPS 1.00 1.00 1.00 0.00 
AT 0.84 0.22 1.00 0.31 

MNR 0.77 0.02 1.00 0.38 
 

According to the table 9, the most efficient industries are electricity, gas and water supply (EGW), private 

households with employed persons (PHEP), other community, social and personal services (OCSPS), air 

transport (AT), and manufacturing, nec. (MN); recycling (MNR) respectively.  

The top 5 least efficient RR industries can be found in table 10. The results are covered averages 

for 5 years and minimum and maximum efficiency scores of industries in the years 1995, 2000, 2005 and 

2014. 

Table 10. Top 5 Least Efficient Industries Based on RR Analysis 

Industries Average Minimum Maximum Standard Deviation 
TTP 0.01 0.00 0.01 0.00 
FBT 0.01 0.00 0.01 0.00 

BMFM 0.00 0.00 0.01 0.00 
MQ 0.00 0.00 0.00 0.00 

CRPNF 0.00 0.00 0.00 0.00 
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According to table 10, the least efficient industries are textiles and textile products (TTP), food beverages 

and tobacco (FBT), basic metals and fabricated metal (BMFM), mining and quarrying (MQ) and coke, 

refined petroleum, and nuclear fuel (CRPNF), respectively.  

4.2.2. Economic-Output-Induced Renewability Ratio (E-RR) Industry Results 
 

Changing ranking trends of E-RR analysis for the industries are shown in table 11 for the years 

1995, 2000, 2005, 2010 and 2014. Ranking scores are ordered based on industries` efficiency scores due to 

their supply chain linkages with U.S. manufacturing industries.  

Table 11. Industry Efficiency Ranking Results Based on E-RR Analysis  

Years 1995 2000 2005 2010 2014    

Industries Score Rank Score Rank Score Rank Score Rank Score Rank Average Minimum Maximum 
AHFF 1.00 2 0.95 7 0.57 7 1.00 2 1.00 3 0.90 0.57 1.00 

AT 0.57 8 1.00 4 1.00 3 1.00 2 1.00 2 0.91 0.57 1.00 
BMFM 0.02 25 0.01 28 0.02 26 0.34 10 0.01 28 0.08 0.01 0.34 

CCP 0.02 26 0.01 29 0.02 23 0.01 30 0.08 15 0.03 0.01 0.08 
CRPNF 0.00 33 0.00 35 0.00 33 0.00 32 0.00 33 0.00 0.00 0.00 

C 1.00 3 0.44 9 0.46 8 0.88 6 0.71 5 0.70 0.44 1.00 
E 0.47 10 0.04 22 0.02 22 0.05 19 0.05 19 0.13 0.02 0.47 

EOE 0.82 7 1.00 3 1.00 1 1.00 3 0.34 11 0.83 0.34 1.00 
EGW 0.00 32 0.00 34 0.00 32 0.00 33 0.00 32 0.00 0.00 0.00 

FI 1.00 3 1.00 2 1.00 3 0.94 4 1.00 2 0.99 0.94 1.00 
FBT 0.25 12 0.10 16 0.24 10 0.02 26 1.00 1 0.32 0.02 1.00 
HSW 1.00 4 0.11 14 0.04 18 0.04 22 0.04 22 0.24 0.04 1.00 
HR 0.10 19 0.06 20 0.07 16 0.06 18 0.06 17 0.07 0.06 0.10 
IT 0.01 28 0.01 30 0.01 29 0.01 28 0.01 30 0.01 0.01 0.01 

LLF 0.00 31 0.02 24 0.01 30 0.14 13 0.38 10 0.11 0.00 0.38 
MN 0.17 14 0.14 13 0.11 15 0.10 15 0.05 21 0.11 0.05 0.17 

MNR 0.16 15 0.08 18 0.13 14 0.09 16 1.00 4 0.29 0.08 1.00 
MQ 0.00 29 0.01 32 0.02 24 1.00 1 0.05 18 0.22 0.00 1.00 

OCSPS 0.11 18 0.11 15 0.21 11 0.19 12 0.20 13 0.16 0.11 0.21 
ONMM 0.00 30 0.00 33 0.00 31 0.00 31 0.00 31 0.00 0.00 0.00 
OSATA 0.12 17 0.18 12 0.33 9 0.25 11 0.26 12 0.23 0.12 0.33 

PT 0.03 22 0.06 19 0.05 17 0.04 21 0.05 20 0.05 0.03 0.06 
PHEP 1.00 3 1.00 6 1.00 3 1.00 2 1.00 2 1.00 1.00 1.00 
PAD 0.01 27 0.01 31 0.01 27 0.02 25 0.02 26 0.02 0.01 0.02 

PPPPP 0.03 24 0.04 21 0.04 19 0.04 20 0.02 25 0.04 0.02 0.04 
REA 0.49 9 0.39 10 0.58 6 0.49 7 0.46 9 0.48 0.39 0.58 

RMOBA 1.00 1 1.00 5 1.00 4 0.88 5 0.60 6 0.90 0.60 1.00 
RTEMVM 0.14 16 0.09 17 0.14 13 0.14 14 0.15 14 0.13 0.09 0.15 

RP 0.05 20 0.03 23 0.04 20 0.02 27 0.03 23 0.03 0.02 0.05 
SMRMVM 0.22 13 0.02 25 0.01 28 0.03 23 0.03 24 0.06 0.01 0.22 

TTP 0.04 21 0.02 26 0.02 25 0.01 29 0.01 29 0.02 0.01 0.04 
TE 1.00 5 1.00 1 1.00 2 0.06 17 0.08 16 0.63 0.06 1.00 
WT 0.90 6 0.38 11 0.21 12 0.46 8 0.48 8 0.49 0.21 0.90 

WTCT 0.39 11 0.66 8 0.69 5 0.38 9 0.49 7 0.52 0.38 0.69 
WPWC 0.03 23 0.02 27 0.02 21 0.02 24 0.02 27 0.02 0.02 0.03 
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The averages of E-RR of industries` efficiency scores can be found in table 12 for the years 1995, 

2000, 2005 and 2014. According to table 12 results, the most efficient year is found as 2010 and 2014 

having the same amount of efficiency score and least efficient year is found as 1995. 

Table 12. Averages of the Years based E-RR Analysis 

Years 1995 2000 2005 2010 2014 
Average 0.35 0.29 0.29 0.31 0.31 

Standard Deviation 0.39 0.38 0.37 0.38 0.37 
 

The top 5 most efficient E-RR industries can be found in table 13. The results are covered averages 

for 5 years and minimum and maximum efficiency scores of industries in the years 1995, 2000, 2005 and 

2014. According to the table 13, the most efficient industries are private households with employed persons 

(PHEP), financial intermediation (FT), air transport (AT), agriculture, hunting, forestry and fishing (AHFF) 

and renting of M&Eq and other business activities (RMOBA) respectively. The top 5 least efficient E-RR 

industries can be found in table 14. The results are covered averages for 5 years and minimum and 

maximum efficiency scores of industries in the years 1995, 2000, 2005 and 2014. 

Table 13. Top 5 Most Efficient Industries Based on E-RR analysis 

Industries Average Minimum Maximum Standard Deviation 
PHEP 1.00 1.00 1.00 0.00 
FI 0.99 0.94 1.00 0.02 
AT 0.91 0.57 1.00 0.17 
AHFF 0.90 0.57 1.00 0.17 
RMOBA 0.90 0.60 1.00 0.16 

 

Table 14. Top 5 Least Efficient Industries Based on E-RR Analysis 

Industries Average Minimum Maximum Standard Deviation 
PAD 0.02 0.01 0.02 0.01 

IT 0.01 0.01 0.01 0.00 
ONMM 0.00 0.00 0.00 0.00 
EGW 0.00 0.00 0.00 0.00 

CRPNF 0.00 0.00 0.00 0.00 
 



41 
 

According to the table 14, the least efficient industries are public admin and defense (PAD), inland 

transport (IT), other non-metallic mineral (ONMM), electricity, gas and water supply (EGW), and coke, 

refined petroleum and nuclear Fuel (CRPNF), respectively. 

 
4.2.3. Renewability Ratio (RR) Country Results 

Changing ranking trends of RR analysis for the countries are shown in table. The averages of RR 

of countries` efficiency scores can be found in table 15 for the years 1995, 2000, 2005 and 2014.  

Table 15. Country Efficiency Ranking Results Based on RR Analysis 

Years 1995 2000 2005 2010 2014    
Countries Score Rank Score Rank Score Rank Score Rank Score Rank Average Minimum Maximum 

AUS 0.03 27 0.07 33 0.07 31 0.03 35 0.04 30 0.05 0.03 0.07 
AUT 1.00 2 1.00 2 1.00 1 1.00 2 1.00 2 1.00 1.00 1.00 
BEL 0.01 34 0.04 37 0.09 27 0.04 34 0.04 32 0.04 0.01 0.09 
BGR 0.01 35 0.09 28 0.10 25 0.05 31 0.07 26 0.06 0.01 0.10 
BRA 0.89 4 0.87 4 0.93 2 1.00 3 0.92 4 0.92 0.87 1.00 
CAN 1.00 3 1.00 1 0.78 4 1.00 5 1.00 1 0.96 0.78 1.00 
CHN 0.14 10 0.17 19 0.17 17 0.31 13 0.31 10 0.22 0.14 0.31 
CYP 0.09 17 1.00 2 0.01 38 1.00 1 1.00 2 0.62 0.01 1.00 
CZE 0.01 36 0.08 31 0.07 32 0.04 33 0.05 29 0.05 0.01 0.08 
DEU 0.03 28 0.09 29 0.25 13 0.43 10 0.41 7 0.24 0.03 0.43 
DNK 0.08 18 0.35 11 0.66 6 0.27 15 0.25 13 0.32 0.08 0.66 
ESP 0.04 25 0.10 26 0.11 23 0.07 28 0.04 31 0.07 0.04 0.11 
EST 0.00 40 0.14 24 0.01 40 0.00 41 0.03 33 0.04 0.00 0.14 
FIN 0.11 14 0.27 14 0.31 11 0.13 21 0.10 21 0.19 0.10 0.31 
FRA 0.05 23 0.16 20 0.12 22 0.08 26 0.07 25 0.10 0.05 0.16 
GBR 0.01 39 0.03 39 0.03 36 0.01 38 0.02 37 0.02 0.01 0.03 
GRC 0.02 29 0.07 32 0.09 29 0.07 27 0.12 19 0.07 0.02 0.12 
HUN 0.01 37 0.06 35 0.05 34 0.05 32 0.07 27 0.05 0.01 0.07 
IDN 0.05 24 0.37 10 0.35 8 0.27 14 0.30 11 0.27 0.05 0.37 
IND 0.07 19 0.15 22 0.17 18 0.13 22 0.13 17 0.13 0.07 0.17 
IRL 0.01 33 0.09 27 0.14 19 0.17 16 0.19 14 0.12 0.01 0.19 
ITA 0.11 13 0.30 13 0.30 12 0.16 19 0.11 20 0.20 0.11 0.30 
JPN 0.10 15 0.17 18 0.14 20 0.12 23 0.13 18 0.13 0.10 0.17 
KOR 0.02 30 0.04 36 0.05 35 0.02 37 0.03 35 0.03 0.02 0.05 
LTU 0.01 38 0.10 25 0.01 39 0.00 40 0.02 36 0.03 0.00 0.10 
LUX 0.06 21 0.77 6 0.23 15 0.17 17 0.36 8 0.32 0.06 0.77 
LVA 0.35 6 0.87 5 0.85 3 0.46 9 1.00 2 0.70 0.35 1.00 
MEX 0.42 5 0.43 9 0.34 9 0.38 11 0.35 9 0.38 0.34 0.43 
MLT 1.00 2 1.00 2 0.00 41 1.00 4 1.00 2 0.80 0.00 1.00 
NLD 0.02 31 0.06 34 0.06 33 0.03 36 0.03 34 0.04 0.02 0.06 
POL 0.06 20 0.08 30 0.08 30 0.06 30 0.06 28 0.07 0.06 0.08 
PRT 0.04 26 0.16 21 0.09 28 0.09 25 0.10 22 0.09 0.04 0.16 
IDN 0.09 16 0.26 15 0.32 10 0.14 20 0.14 16 0.19 0.09 0.32 
RoW 0.33 7 0.35 12 0.24 14 0.70 7 0.55 5 0.43 0.24 0.70 
RUS 0.11 12 0.15 23 0.14 21 0.16 18 0.16 15 0.15 0.11 0.16 
SVK 0.06 22 0.21 17 0.11 24 0.06 29 0.09 24 0.10 0.06 0.21 
SVN 0.12 11 0.76 7 0.51 7 0.36 12 0.51 6 0.45 0.12 0.76 
SWE 0.29 8 0.72 8 0.74 5 0.48 8 0.25 12 0.50 0.25 0.74 
TUR 0.16 9 0.25 16 0.20 16 0.09 24 0.09 23 0.16 0.09 0.25 
TWN 0.02 32 0.04 38 0.03 37 0.01 39 0.02 38 0.02 0.01 0.04 
USA 1.00 1 1.00 3 0.09 26 1.00 6 1.00 3 0.82 0.09 1.00 
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Table 16. Averages of the Years based RR Analysis 

Years 1995 2000 2005 2010 2014 
Average 0.20 0.34 0.24 0.28 0.30 

Standard Deviation 0.31 0.34 0.27 0.33 0.34 
 

According to the results of table 16, the most efficient year is found as 2000 and least efficient year 

is 1995. The top 5 most efficient RR countries can be found in table 17. The results are covered averages 

for 5 years and minimum and maximum efficiency scores of countries in the years 1995, 2000, 2005 and 

2014. 

Table 17. Top 5 Most Efficient Countries Based on RR analysis 

Countries Average Minimum Maximum Standard Deviation  
AUT 1.00 1.00 1.00 0.00 
CAN 0.96 0.78 1.00 0.09 
BRA 0.92 0.87 1.00 0.04 
USA 0.82 0.09 1.00 0.36 
MLT 0.80 0.00 1.00 0.40 

 

According to the table 17, the most efficient countries are Austria, Canada, Brazil, USA and Malta, 

respectively. Top 5 least efficient RR countries can be found in table 18. The results are covered averages 

for 5 years and minimum and maximum efficiency scores of countries in the years 1995, 2000, 2005 and 

2014. 

Table 18. Top 5 Least Efficient Industries Based on RR Analysis 

Countries Average Minimum Maximum Standard Deviation 
EST 0.04 0.00 0.14 0.05 
KOR 0.03 0.02 0.05 0.01 
LTU 0.03 0.00 0.10 0.04 
TWN 0.02 0.01 0.04 0.01 
GBR 0.02 0.01 0.03 0.01 

 

According to the table 18, the least efficient countries are Estonia, Korea, Lithuania, Taiwan, and 

United Kingdom, respectively.  
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4.2.4. Economic-Output-Induced Renewability Ratio (E-ORR) Results for Countries 
 

Changing ranking trends of E-RR analysis for the countries are shown in table 19 for the years 

1995, 2000, 2005, 2010 and 2014. Ranking scores are ordered based on countries` efficiency scores due to 

their supply chain linkages with U.S. manufacturing industries.  

 
Table 19. Country Efficiency Ranking Results Based on E-RR Analysis 

Years 1995 2000 2005 2010 2014    

DMU Name Score Rank Score Rank Score Rank Score Rank Score Rank Average Minimum Maximum 
AUS 0.25 22 0.16 24 0.12 23 0.42 14 0.24 21 0.24 0.12 0.42 
AUT 1.00 2 0.48 12 0.26 17 0.41 15 0.33 18 0.50 0.26 1.00 
BEL 0.30 20 0.16 23 0.09 29 0.13 26 0.08 33 0.15 0.08 0.30 
BGR 0.01 38 0.03 37 0.05 33 0.06 36 0.02 39 0.04 0.01 0.06 
BRA 0.41 12 0.23 19 0.39 11 0.46 12 0.51 13 0.40 0.23 0.51 
CAN 0.31 18 0.62 5 0.89 3 1.00 6 1.00 1 0.76 0.31 1.00 
CHN 0.10 31 0.17 22 0.38 12 0.94 7 0.90 8 0.50 0.10 0.94 
CYP 0.07 33 1.00 1 1.00 2 1.00 2 1.00 5 0.81 0.07 1.00 
CZE 0.14 29 0.11 29 0.10 27 0.12 28 0.10 27 0.11 0.10 0.14 
DEU 0.62 10 0.55 8 0.83 4 1.00 4 1.00 2 0.80 0.55 1.00 
DNK 0.83 6 0.49 10 0.36 14 0.36 17 0.25 20 0.46 0.25 0.83 
ESP 0.32 16 0.15 26 0.10 26 0.20 22 0.11 26 0.18 0.10 0.32 
EST 0.00 39 0.14 27 0.16 20 0.08 34 0.01 40 0.08 0.00 0.16 
FIN 0.39 14 0.23 20 0.15 21 0.14 25 0.10 29 0.20 0.10 0.39 
FRA 0.65 9 0.52 9 0.68 7 0.76 10 0.61 12 0.64 0.52 0.76 
GBR 0.19 25 0.55 7 0.58 8 0.39 16 0.36 15 0.41 0.19 0.58 
GRC 0.17 26 0.08 34 0.12 22 0.12 27 0.09 30 0.12 0.08 0.17 
HUN 0.14 28 0.13 28 0.17 19 0.19 23 0.13 25 0.15 0.13 0.19 
IDN 0.13 30 0.08 33 0.05 34 0.05 37 0.05 38 0.07 0.05 0.13 
IND 0.14 27 0.10 30 0.12 24 0.19 24 0.26 19 0.16 0.10 0.26 
IRL 0.97 4 1.00 1 1.00 2 1.00 2 1.00 3 0.99 0.97 1.00 
ITA 0.75 7 0.60 6 0.79 5 0.60 11 0.50 14 0.65 0.50 0.79 
JPN 1.00 1 1.00 2 1.00 2 1.00 5 1.00 6 1.00 1.00 1.00 
KOR 0.39 13 0.28 17 0.37 13 0.32 20 0.33 17 0.34 0.28 0.39 
LTU 0.00 40 0.09 31 0.04 36 0.03 38 0.01 41 0.04 0.00 0.09 
LUX 0.88 5 1.00 1 1.00 2 1.00 3 0.78 11 0.93 0.78 1.00 
LVA 0.03 37 0.45 14 1.00 2 1.00 2 0.06 36 0.51 0.03 1.00 
MEX 0.30 19 0.62 4 0.74 6 0.91 8 0.90 9 0.69 0.30 0.91 
MLT 1.00 2 1.00 1 1.00 2 1.00 2 1.00 4 1.00 1.00 1.00 
NLD 0.37 15 0.28 18 0.19 18 0.22 21 0.14 23 0.24 0.14 0.37 
POL 0.08 32 0.09 32 0.08 30 0.10 31 0.08 31 0.09 0.08 0.10 
PRT 0.21 24 0.16 25 0.11 25 0.10 30 0.08 32 0.13 0.08 0.21 
ROM 0.04 35 0.04 36 0.04 35 0.10 33 0.06 37 0.06 0.04 0.10 
RoW 0.31 17 0.44 15 0.50 9 0.89 9 0.82 10 0.59 0.31 0.89 
RUS 0.03 36 0.02 38 0.06 32 0.10 32 0.10 28 0.06 0.02 0.10 
SVK 0.05 34 0.05 35 0.09 28 0.12 29 0.07 35 0.07 0.05 0.12 
SVN 0.21 23 0.32 16 0.44 10 0.44 13 0.16 22 0.31 0.16 0.44 
SWE 0.72 8 0.45 13 0.32 16 0.34 19 0.13 24 0.39 0.13 0.72 
TUR 0.26 21 0.18 21 0.08 31 0.07 35 0.07 34 0.13 0.07 0.26 
TWN 0.56 11 0.48 11 0.35 15 0.35 18 0.35 16 0.42 0.35 0.56 
USA 1.00 3 1.00 3 1.00 1 1.00 1 1.00 7 1.00 1.00 1.00 
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The average of E-RR of countries` efficiency scores can be found in table 20 for the years 1995, 

2000, 2005 and 2014. 

Table 20. Averages of the Years based E-RR Analysis 

Years 1995 2000 2005 2010 2014 
Average 0.37 0.38 0.41 0.46 0.38 

Standard Deviation 0.32 0.31 0.35 0.37 0.37 
 

According to the results of table 20, the most efficient year is found as 2010 and the least efficient 

year is 1995. 

The top 5 most efficient E-RR countries can be found in table 21. The results are covered 

averages for 5 years and minimum and maximum efficiency scores of industries in the years 1995, 2000, 

2005 and 2014 

Table 21. Top 5 Most Efficient Country Based on E-RR analysis 

DMU  Average Minimum Maximum Standard Deviation 
MLT 1.00 1.00 1.00 0.10 
JPN 1.00 1.00 1.00 0.26 
USA 1.00 1.00 1.00 0.08 
IRL 0.99 0.97 1.00 0.02 
LUX 0.93 0.78 1.00 0.09 

 
According to the table 21, the most efficient countries are Malta, Japan, USA, Ireland and 

Luxembourg respectively. The top 5 least efficient E-RR countries can be found in table 22. The results are 

covered averages for 5 years and minimum and maximum efficiency scores of countries in the years 1995, 

2000, 2005 and 2014. According to the table 22, the least efficient countries are Indonesia, Russian 

Federation, Romania, Bulgaria and Lithuania, respectively. 

Table 22. Top 5 Least Efficient Country Based on E-RR Analysis 

Countries Average Minimum Maximum Standard Deviation 
IDN 0.07 0.05 0.13 0.11 
RUS 0.06 0.02 0.10 0.19 
ROM 0.06 0.04 0.10 0.08 
BGR 0.04 0.01 0.06 0.09 
LTU 0.04 0.00 0.09 0.00 
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5. CONCLUSIONS AND FUTURE WORK 

 
Manufacturing industries play a significant role in domestic and global economic activities due to 

their multiplier impact on economic growth, employment, and supply-chains. In addition, manufacturing 

industries are among the primary contributors to the overall carbon footprint, thus the climate change 

impacts. Especially in the case of manufacturing industries, economic output and energy use are well 

correlated since these industries energy and material use intensity is much higher than service industries in 

both developed and developing parts of the world.  In this regard, increasing the renewable energy use share 

of manufacturing industries’ is a crucially important policy making area from global sustainable 

development perspective. While sustainable development initiatives, recently set as 17 United Nations 

Sustainable Development Goal 7 (UN SDG-7), indicate that lowering the energy use and intensities 

significantly by 2030, manufacturing industries have a substantial responsibility in realizing these goals 

and it will not be possible to reach the sustainable development goals for any country if the manufacturing 

industries energy intensity and nonrenewable energy use shares are not decreased substantially. 

Therefore, this thesis investigated the U.S. manufacturing industries economic activities and 

resulting energy use considering renewable and nonrenewable energy carriers at the global supply chain 

level, which includes the onsite (domestic production activities), domestic supply chain and global supply 

chain impacts. To quantify the energy use and economic output, multi region input output (MRIO) analysis 

models were developed over a study period between 1995 and 2014. The outputs of MRIO models included 

total domestic and global economic output and renewable and nonrenewable energy use. In the second part 

of the methodology, data envelopment analysis (DEA) was employed to conduct a benchmarking analysis 

of industries and countries focusing on the ratio of renewable to nonrenewable energy use with/without the 

impact of economic output. Furthermore, industries and countries are ranked based on their efficiency 

scores for 1995, 2000, 2005, 2010 and 2014. 

a. In our work, DEA analysis results were found to be sensitive to government policies and 

international trade. Aforementioned, government policies may play significant role on what to 
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produce on which industry for a specific year Miller and Blair, (2009). Any policy making that 

creates a shift in renewable or nonrenewable energy use in the U.S. as well as in the countries who 

are supplying parts, materials, sub-parts to the U.S. manufacturing could be affected by these 

policy changes immediately. Indeed, for a specific year or in a given time horizon, energy policy 

and international trade regulations could dramatically affect the output for specific industry and 

country.  

b. Food, beverages and tobacco industry was found to be main contributor to total economic output. 

Mining and quarrying and chemical and chemical products were ranked as the second and third, 

respectively based on their output percentage shares in year 2014. It was also found that their 

production is heavily dependent on nonrenewable energy sources. This clearly indicates that U.S. 

manufacturing energy use is not in the expected trajectory in terms of UN SDG-7. 

c. The result indicated that U.S. manufacturing sectors’ output had the lowest output in year 1995, 

controversially it had the highest share on total global output with percentage of 89. Furthermore, 

domestic total output share decreases gradually from 1995 to 2014, however its own output level 

was increasing. Domestic output average was found as $3.93 million dollars in 20 years. It reached 

its maximum output level in 2014 with the output level of $5.36 million dollars and minimum 

level in 1995 with the output level of $2.91 million dollars. The domestic and total output levels 

showed that similar production output behavior and their output level gradually increased until 

2008. The U.S. had an economic crisis in, which affected the domestic output level trend 

adversely, which proved the accuracy of figure 10; the trendline goes through a $1 million-dollar 

downward transition between 2008 and 2009. The analysis also indicated that domestic and global 

output level started rising up again in 2010. 

Regarding benchmarking industries and countries: 

 
a) There were substantial fluctuations observed on RR and ERR scores of industries and countries. 

No clear and sustainable increase in RR or ERR was observed during the study period. ERR scores 
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were found to be somewhat higher than RR scores to the increasing impact of economic output in 

an industry’s or country’s efficiency score. This also indicated that RR measure was more 

conservative measure compared to the ERR. 

b) DEA provided expected results in terms of the order of efficient and least efficient industries for 

both RR and E-RR analyses.  

i. In RR analysis, it was predicted to have industries with high efficiency scores which used 

less nonrenewable energy and high renewable energy such as gas and water supply (EGW), 

private households with employed persons (PHEP), other community and social and 

personal services (OCSPS). 

ii. In RR analysis, it was found that industries which use non-renewable energy highly were 

to be identified as the least efficient industries, such as, textiles and textile products (TTP), 

food beverages and tobacco (FBT), basic metals and fabricated metal (BMFM), mining 

and quarrying (MQ) and coke, refined petroleum, and nuclear fuel (CRPNF). 

c) DEA provided fluctuating results in terms of the order of efficient units for the countries both in 

RR and E-RR analysis. 

i. Forty biggest economies and RoW were considered in the DEA analysis in order to capture 

whole supply chain share of U.S. manufacturing industries to make an efficiency analysis. 

Basic DEA models were not capable to complete analysis with negative and values equal 

zero Charnes et al. (1991). However, the supply chain of energy share with Malta and 

Cyprus were inadequate (zero) so these two nations` supply chain share with U.S. 

manufacturing industries adjusted the smallest value in the column when their share was 

equal zero. In the proposed DEA experiment, for instance, Malta`s energy use and 

economic output share was very small. Therefore, Malta became the efficient unit based 

on its adjusted level.  

d) Changes on the rankings and scores between RR and E-RR analyses for the both industry and 

country results were expected and observed, due to the effect of the total economic output changes 
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and the analyses period being every 5-year, which is a quite long period for countries’ economic 

and environmental policy making and alignment. 

i. In E-RR analysis, higher performance scores were found in industries such as private 

households with employed persons (PHEP), financial intermediation (FT), air transport 

(AT) due to their less non-renewable energy and high renewable energy use and at the same 

time their total economic output levels. 

e) The most and the least efficient countries were found as Austria, and United Kingdom, respectively 

based on RR measure. On the other hand, the most and least efficient countries were found as Malta 

and Lithuania, respectively based on E-RR measure. 

f) Since total economic output was a positive indicator, it typically increased the efficiency score for 

any industry or a country.  

g) The most efficient year was found as 2010 and the least efficient year found as 1995 based on the 

average scores of the RR industry model. This points out that renewable energy use level was low 

at the 1995 compared to 2014.    

h) E-RR efficiency scores of countries recorded high in 2010 and 2014 because E-RR accounts for 

the total economic output where RR only considers renewable energy use as an output. We can 

conclude that U.S. manufacturing industries and global supply chains consumed more renewable 

energy and less nonrenewable energy at 2010 and 2014 compared to 1995.  

This thesis gathered data from world input output database (WIOD) and availability of data was 

limited until 2014. Expanding study focus after 2014 as more data becomes available could be further 

studied. The focus of analysis was based on the U.S. manufacturing only. Therefore, the study focus could 

be extended to include and conduct a comparative analysis between other major economies such as China, 

Europe’s manufacturing. Additionally, Malmquist DEA models could be also used to study the annual 

change in RR and E-RR for the study period. Furthermore, undesirable input and output model noted as the 
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future work. Finally, mid-point and end-point impacts of energy carriers and their material-dependencies 

in the world also left as an important future research dimension. 
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