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Abstract: Construction industry is a pillar industry of China's national economy but its problems 9 

of high energy consumption, high pollution and low energy efficiency is increasingly prominent. 10 

The study on the energy efficiency of construction industry is of great significance for improving 11 

development quality and achieving the goal of energy saving and emission reduction. In this paper, 12 

a three-stage undesirable SBM-DEA model was employed to measure the energy efficiency in 13 

construction industry during 2005 -2016.  The CO2 directly emitted by the construction industry 14 

and indirectly emitted in the production of building materials were used as the undesirable output 15 

and the three-stage framework was employed to analyze and eliminate the influence of 16 

external environment. The empirical results showed that low efficiency of management in the 17 

construction industry is an important factor leading to the low level of energy efficiency in China’s 18 

construction industry. For the energy efficiency value before and after adjustment, the “high-high” 19 

provinces has made full use of the superior external environment by their high management level, 20 

while the “high-low” provinces needs to fully realize the potential in promoting energy efficiency 21 

of its external environment by improving its own management of construction industry. On the 22 

contrary, the “low-high” provinces need to improve the external environment to ease its restrictions 23 

on the level of management in the construction industry. Environmental factors and management 24 

level should be considered simultaneously for different provinces to improve energy efficiency of 25 

construction industry. 26 

Key words: Environmental-adjusted energy efficiency; Three-stage undesirable SBM-DEA; 27 

Management inefficiency; Construction industry 28 

 29 

1. Introduction 30 

The problems of resources, energy and environment have become increasingly prominent with 31 

the rapid development of economy and the acceleration of urbanization in China. As an important 32 

pillar industry of China's national economy, the problems of high energy consumption, high 33 

pollution and low energy efficiency in construction industry was particularly highlighted. The total 34 

output of China's construction industry reached 2,139.54 billion in 2017 while the added value 35 

accounting for 6.7% of China’s GDP and its growth rate exceeded GDP growth by 3%①. At the 36 

same time, energy consumption in the construction industry reached 857 million tons of standard 37 
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coal, accounting for 20 percent of China's total energy consumption in 2015, and this number is still 38 

growing②. Figure 1 illustrates that the total construction carbon emission in China shows a trend of 39 

continuous growth, reaching 1.961 billion tons in 2016, which is about three times higher than 668 40 

million tons in 2000, with an average annual growth of 6.96%, and construction industry account 41 

for 20.6% of China's energy consumption and 19.4% of its carbon emissions③ . In addition, 42 

considering the energy consumption during heating, cooling, illumination and the production of 43 

building materials, construction industry will consume more than a third of China's total energy 44 

consumption④. The construction industry is an important emitter of carbon dioxide, haze and other 45 

pollutants (Lu et al., 2016; Feng et al., 2016), which will lead to a lot of grave consequences, such 46 

as lung diseases, traffic congestions in cities as well as economic loss (Zhang and Crooks, 2012).In 47 

view of the problems of high energy consumption, high pollution and low energy efficiency in 48 

construction, promoting the energy efficiency in the construction industry is crucial for improving 49 

development quality and achieving the goal of energy saving and emission reduction. 50 

 51 

 52 

Figure 1: Carbon emission of construction industry during from 2000 to 2016 53 

In this paper, the energy efficiency of China’s construction industry was investigated by 54 

employing the three-stage undesirable SBM-DEA model, which was widely used in Energy and 55 

Environment modeling, for its superiority in dealing with the undesirable output, as well as in 56 

evaluating and eliminating the influence of external factors or random noises.. Based on the 57 

measurement of energy efficiency in China’s construction industry, regional gaps, trends and 58 

influencing factors are the three main concerns in the discussion of this paper, followed by some 59 

policy implications for the sustainable development of China’s construction industry. This paper 60 

contributes to current literature in two aspects. Firstly, the CO2 directly emitted by the construction 61 

industry and indirectly emitted in the production of building materials were selected as an 62 

undesirable output to shed light on the full life cycle environmental performance of construction 63 

industry. Secondly, urbanization, economic level, environmental regulation, public investment, 64 

human capital and industrial structure of each province was selected as external factors to analyze 65 

the influencing factors of energy efficiency in China's construction industry within the three-stage 66 

framework.  67 

                                                             
② The data come from China Statistical Yearbook (2018), National Bureau of Statistics of China. 
③ The data and figure come from China building energy consumption report (2018), China Association of Building Energy Efficiency. 
④ The data come from China building energy consumption report (2018), China Association of Building Energy Efficiency. 
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This paper was organized as follows. Section 2 provided a brief literature review of the 68 

development of DEA model and some research about energy efficiency in construction industry. 69 

The methodology and data were then described in Section 3 and Section 4 respectively, followed by 70 

the empirical results in Section 5, and the conclusion and policy implications in Section 6. 71 

 72 

2. Literature review 73 

Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis (SFA) are the main methods 74 

to measure energy efficiency. DEA is a non-parametric, linear and programming method to measure 75 

the productivity of comparable multiple-input and multiple-output decision-making units (DMUs). 76 

Compared with SFA, DEA does not require a priori assumptions on the underlying functional form 77 

and information on prices, so it is widely employed for the measurement of the energy efficiency. 78 

The first published paper used this approach in energy efficiency issues by Färe (Färe et al., 1983) 79 

in the field of electricity generation plants energy. During the 2010s, there are 524 articles on energy 80 

and environment applied the DEA methods (Toshiyuki et al., 2017), and this method has been 81 

adopted by more and more scholars. DEA model was widely employed to investigate energy 82 

efficiency or environmental performance in different countries and regions, and has been deeply 83 

modified and widely applied to many sectors such as agricultural sectors(Ullah and Perret, 2014; 84 

Fei and Lin, 2017; Li et al., 2017), industrial sectors(Liu et al., 2016; Liu and Wang, 2015; Wu et 85 

al., 2019), transportation sectors (Cui and Li, 2014, 2015; Feng and Wang, 2018), energy intensive 86 

industries (Lin and Tan, 2016), power generation industry (Liu et al.,2016), ecosystem (Susaeta et 87 

al., 2016), construction sectors(Xue et al., 2015), service sectors (Lin and Zhang, 2017) and 88 

commercial banks (Wang et al., 2014). These studies showed that DEA model provides an 89 

appropriate way in modeling the production with multiple-inputs and multiple-outputs, especially 90 

widely employed in the field of Energy and Environmental Economics. 91 

DEA model has experienced a series of evolutions, from radial slacks to non- radial slacks, from 92 

Shepard Distance Function (SDF) to Directional Distance Function (DDF) and non-radial 93 

Directional Distance Function (NDDF) (Zhang and Choi, 2014). During the evolution of DEA 94 

model, the disposal of undesirable outputs and the impact of external factors and random error were 95 

two concerned issues and the argument around these two problems promoted the development of 96 

DEA model. 97 

Traditional DEA model, such as BCC and CCR, are radial model hence cannot solve the 98 

coexistent of desirable and undesirable outputs. The endeavor to solve this problem promoted the 99 

improvement of DEA model from SDF to DDF and NDDF. Early scholars took undesirable outputs 100 

as inputs, or turned it into the desired outputs by SDF, implied the assumption that the desirable 101 

output changed in the same proportion as the undesirable output, which violated the actual 102 

production process. Some scholars proposed a more practical technology for weak disposability 103 

production, and employed DDF to improve the deficiency of SDF (Zhou et al., 2008). Furtherly, 104 

NDDF was employed to relax the constraints about undesirable output of DDF, making the 105 

measurement of efficiency more in line with reality (Zhou et al., 2012), then capital, labor and 106 

energy were all incorporated into the framework of NDDF, the calculation of total factor energy 107 

and environmental efficiency is realized (Zhang et al., 2014). 108 

In addition to the improvement of DDF, a slack-based measurement (SBM) model proposed by 109 

Tone (2001) gave another way to deal with different inputs and outputs, which allowed input 110 

reduction and output expansion at the same time, and does not stick to a proportionate change of 111 
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input and output. And the duality form of SBM model was proposed to model the shadow price of 112 

pollution and the substitution between production factors (Zhang et al., 2014). Considering the 113 

treatment of undesirable outputs, the SBM-undesirable model proposed by Tone (2004), which is a 114 

new non-radial and non-oriented DEA approach and employed by a lot of studies to investigate the 115 

efficiency (Zhang and Choi, 2013; Apergis et al., 2015; Zhang et al., 2016). On this basis of SBM-116 

DEA model, some new methods have been proposed in recent years. Considering the technological 117 

gaps between different DMUs and the movement of technological frontier, the meta-frontier slack-118 

based efficiency measure (MSBM) and meta-frontier undesirable SBM were proposed to 119 

incorporates group heterogeneities (Zhang et al., 2014). On the contrary of SBM, which require a 120 

DMU was evaluated at maximum distance to the frontier, a minimum distance to the weak efficiency 121 

frontier method (MinDW) was proposed to evaluate DMU at minimum distance to the frontier, 122 

allowing a DMU to reach the frontier at a less adjustment of inputs and outputs (Wang et al., 2013). 123 

In addition, considering the different importance of each inputs and outputs, an epsilon-based 124 

measure (EBM) model was proposed by setting a series of parameters to express the relative 125 

importance of inputs, desirable and undesirable outputs(Tone and Tsutsui, 2010). Yu et al. (2019) 126 

synthetically studied these model (SBM, EBM and MinDW) and their meta-frontier forms, then 127 

employed them to investigate the eco-efficiency of cities in China, and found there were small 128 

difference of the measured eco-efficiency in different models. 129 

Another argument which promoted the development of DEA model was that the traditional DEA 130 

method does not consider the impact of external environment and random error on the efficiency 131 

value, and the results obtained are not comparable. In response, the three-stage and four-stage DEA 132 

models were the most widely used approach to investigate energy efficiency. The four-stage model 133 

proposed by Fried et al. (1999) eliminates the influence of environmental factors on technical 134 

efficiency, but it cannot eliminate the influence of statistical noise. In recent years, the three-stage 135 

model proposed by Fried et al. (2002) has effectively eliminated the interference of environmental 136 

factors and managers' luck on the measurement of technical efficiency.  137 

DEA model was also widely used to study the energy efficiency in construction industry. Xue et 138 

al. (2015) employed a DEA-based Malmquist productivity index (MPI) to measure the energy 139 

efficiency of construction industry in 26 provinces in China during 2004 to 2009. They found that 140 

energy efficiency gaps existed different regions and it's necessary for the Chinese government to 141 

develop policies to strengthen the energy management. Chen et al. (2016) employed a three-stage 142 

DEA and Discriminant Analysis (DA) model to measure the energy efficiency and trends of 143 

construction industry in 30 provinces during 2003 and 2011. A constant fluctuate in the efficiency 144 

was found in most of provinces during the sample years, for the overall efficiency decreased after 145 

the peak in 2004. In addition, they found that the regional economic level has no significant impact 146 

on the energy efficiency in construction industry and the gaps among the eastern, central and west 147 

regions were not obvious. Zhang et al. (2018) employed the undesirable SBM-DEA model to 148 

measure the provincial energy efficiency of construction industry from 2011 to 2015 and empirically 149 

reveal that environmental regulation has a significant impact the energy efficiency in construction 150 

industry.  151 

In view of the studies about energy efficiency in China's construction industry, DEA model 152 

provides a good way to measure the energy efficiency and can help policy-makers to improve 153 

strategies of sustainable development in China. However, there were some gaps in current research. 154 

Firstly, various DEA model were employed in these research, while few of them considered the 155 
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disposal of undesirable outputs and the elimination of external influences simultaneously. Secondly, 156 

indirect CO2 emissions from the production of building materials, which was an important source 157 

of emissions, were often overlooked when CO2  emissions were considered as an undesirable 158 

output of the construction industry. Thirdly, existing studies were not comprehensive enough to 159 

examine the factors influencing energy efficiency in the construction industry. Therefore, this paper 160 

combined undesirable SBM-DEA and three stage DEA framework to accurately measure the energy 161 

efficiency of the China’s construction industry, then distinguish and eliminate the impact of external 162 

factors.  163 

 164 

3. Methodology 165 

A three-stage SBM-DEA model was adopted to evaluate the energy efficiency of the 166 

construction industry. Compared with the traditional DEA model, this method can eliminate the 167 

impact of external environment and random error on the efficiency value and conduct input and 168 

output slacks at the same time. Considering other types of updated DEA models, such as meta-169 

frontier slack-based efficiency measure (Zhang et al., 2014), which incorporates the movement of 170 

technological frontier caused by the technological gaps between different groups of DMU, and the 171 

duality form of SBM model was proposed to model the shadow price of pollution and the 172 

substitution between production factors (Zhang et al., 2014), the three-stage undesirable SBM-173 

DEA was more consistent with our research goals. Further studies can be carried out on the basis 174 

of these updated DEA models.175 
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 176 

Figure 2: Methodological framework of the three-stage undesirable SBM-DEA model 177 

The specific framework of three-stage undesirable SBM-DEA model were shown in Figure 2. In 178 

Stage Ⅰ, the energy efficiency of each DMU is initially evaluated based on the SBM-DEA model. In 179 

Stage Ⅱ, SFA method was employed to decompose the influence of environmental factors and 180 

random error factors, and then adjust the input variables according to the SFA results to exclude the 181 

influence of environmental factors and random error factors. In Stage Ⅲ, the energy efficiency of 182 

each DMU was re-estimated using the adjusted input variables and the SBM-DEA model. 183 

 184 

3.1 The SBM-undesirable model 185 

The slack-based measurement (SBM) model proposed by Tone (2001) can deal with input 186 

reduction and output expansion at the same time, and does not stick to a proportionate change of 187 

input and output. However, the SBM model cannot deal with undesirable outputs. Tone (2004) 188 

proposed the SBM-undesirable model to deal with undesirable output. As a new non-radial and non-189 

oriented DEA model, the SBM-undesirable model can conduct input and output slacks at the same 190 

time, while do not need strict proportional changes of inputs and outputs.  191 

According to Tone’s model, a system with � decision making units (DMUs) has three indicators: 192 

inputs, desirable outputs and undesirable outputs, represented by three vectors ∈ ��
  , �� ∈193 
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���,�� ∈ ���, respectively. Matrix �, ��, �� were defined as follows: 194 

  g 1 1 1 2

1,..., , ,..., ,...,m n g gn s n b b bn s n

nX x x R Y y y R Y y y R
             ，         (1) 195 

Where �, �� and ��are greater than 0. 196 

Then, the production possibility set P was defined as: 197 

  = , , , , , 0g b g g b bP x y y x X y Y y Y                        (2) 198 

According to the production possibility set P, the energy efficiency of SBM-undesirable model 199 

was modified as follows: 200 
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In this model,    represent the energy efficiency value,
i

s
  , s

g

r
  and b

r
s   represent the slack of 202 

inputs and two various outputs,;  represent a weight vector used to conduct the frontier;0 1    203 

and it strictly decrease with respect to
i

s
 , s

g

r
and b

r
s . The DMU is efficient only when =1   and

i
s
 ,204 

s
g

r
 and b

r
s are equal to 0, this DMU is most efficient. 205 

3.2 Stochastic Frontier Analysis 206 

The energy efficiency value in Stage Ⅰ can’t eliminate the impact of external environment and 207 

random error, so it is not credible. In general, SFA and Tobit Model are commonly employed in 208 

Stage Ⅱ to adjust input or output variables for more accurate efficiency values. However, Tobit 209 

Model can’t eliminate the influence of random error, Fried et al. (2002) proposed a three stage DEA 210 

model and employ the cost function SFA model in Stage Ⅱ, to separate the effects of management 211 

inefficiencies, environmental factors and random errors, they used environmental variables and a 212 

combined error term to regression the slack variables obtained in Stage Ⅰ. 213 

The regression equation for the slack variables and environmental variables can be set to: 214 

  , ,  ;  ,, ,n

ni i ni ni
nS f Z 1 N i 1v IU        （ ）

             
(4) 215 

Where ni
S
 is the slack variable for the n-th input of the i-th DMU, ��(�� , ��)represents the effect 216 

of the environment variable on the slack variable. Let ��(�� , ��) =����and ��� + ���be the mixed 217 

error term. We assume that ���~�(0, ���� )  represents the impact of random error and 218 ���~��(��, ���� ) obey the truncated normal distribution, represents the impact of management 219 

inefficiencies, and the two error terms are independent. When � = �������� ����� tends to 1, indicates that 220 

management inefficiency dominates the slack variables; when � tends to 0, indicates that random 221 

error dominates the slack variables. 222 

Then the results of the SFA will be employed to adjust the inputs of each DMU by putting all 223 

DMU's in the same environment and luck. There are two ways of adjustment, the first way is to 224 

increase the inputs of DMUs in relatively good environment and good luck; the other way is to 225 

decrease the inputs of DMUs in relatively bad environment and bad luck. When the outputs are 226 

constant, increased inputs mean lower efficiency value while decreased inputs mean higher 227 

efficiency value. Considering the regional gaps in construction industry and some DMUs are at 228 

extreme disadvantages, the downward adjustment may make their inputs very small, even close to 229 
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0, the first approach was employed for the adjustment in the SFA regression. That is, put all DMUs 230 

under the worst environment and luck to increase the inputs of DMUs in relatively good 231 

environment and good luck, so their efficiency value will decrease. 232 

The equation for adjusting input variables is: 233 

   max m , ;  x , ,an n

ni ni i i ni ni
i i

X X Z Z V V n 1 N i 1 I                （     ）
    

(5) 234 

Where, ���∗  is the adjusted input, and ���  is the input value from Stage Ⅰ. The first brackets on 235 

the right hand side of the equation indicate that all DMU were adjusted to the worst observation 236 

environment in the sample. The second brackets indicate that all DMUs were adjusted to the  most 237 

unfortunate observation state in the sample. Through this adjustment, all DMUs face the same 238 

operating environment and external luck, so it can be obtained that the impact of external 239 

environment and random error were eliminated when measuring the energy efficiency in Stage Ⅲ. 240 

 241 

4. Data description and variables 242 

This paper collected the data of construction industry of China’s 30 provinces over 2005-2016 243 

(except Tibet, Hong Kong, Macao, Taiwan), which are mainly from China Statistical Yearbook, 244 

China Energy Statistical Yearbook, China Architecture Yearbook, China’s provincial statistical 245 

yearbooks. Table 1 showed the descriptive statistics of the data, inputs and outputs variables are 246 

selected in the second half of this section. 247 

4.1 Input 248 

Considering about the existing literature on energy efficiency evaluation of China’s construction 249 

industry, the input indicators mainly cover the four aspects of labor, capital, equipment and energy 250 

consumption (Xue et al., 2015; Chen et al., 2015; Zhang et al., 2018). In this paper, the labor of 251 

construction industry(Labor), total assets of construction industry(Capital), total power of 252 

machinery(Equipment) and energy consumption converted to standard coal(Energy) were used as 253 

inputs to investigate energy efficiency of construction industry.  254 

 255 

Table 1 Descriptive statistics of input and output variables 256 

Variable Type Unit OBS Min Max Mean SD 

Labor Input 10 thousand 360 5.48  787.23  131.25  146.28  

Equipment Input 10 thousand kw 360 15.10  5390.10  702.81  723.00  

Capital Input 100 million Yuan 360 40.68  20263.67  3136.53  3348.77  

Energy Input 10 thousand ton standard coal 360 8.00  740.18  169.71  133.60  

GDP Desirable Output 100 million Yuan 360 59.69  25791.76  3682.32  4243.81  

2
CO

Emission 

Undesirable 

Output 
10 thousand tons 360 87.81  109783.20  5539.28  9293.59  

Note: Min, max, mean and SD represent the minimum value, maximum value, mean value and standard deviation of 360results of 30 provinces during 2005–2016. 257 

 258 

4.2 Desirable Output 259 

Gross output value of construction, the total profits and the completed floor area are the main 260 

indicators of outputs in construction industry and they are correlated with each other. In this paper, 261 

gross output value of construction industry (GDP) was selected as a desirable output in the process 262 

of measuring energy efficiency. 263 

4.3 Undesirable Output 264 
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Carbon dioxide is a typical undesirable output of the construction industry. This paper needs to 265 

calculate the carbon dioxide emissions of the construction industry before calculating the energy 266 

efficiency of China's provincial construction industry. 267 

It can be seen from the relevant literature (Yan et al., 2010; Acquaye and Duffy, 2010; Wu et al., 268 

2012) that the measurement standards for carbon dioxide emissions of the construction industry 269 

have not been unified, and the current studies were always focused on the national level, and there 270 

was no comparative analysis of the carbon dioxide emissions of the construction industry in the 271 

provinces.  272 

Carbon dioxide emissions of the construction industry are divided into direct emissions and 273 

indirect emissions. Direct carbon emissions refer to the carbon emissions generated by energy 274 

consumption in the activities of construction industry. Indirect carbon emissions refer to the carbon 275 

emissions generated from the production of building materials. Therefore, this paper take the 276 

concept of the whole life cycle of buildings for reference and, on the basis of measuring the direct 277 

carbon emissions of the construction industry, puts the carbon dioxide generated during the 278 

production of building materials into the carbon emission measurement framework of the 279 

construction industry. At the provincial level of the construction industry, considering the possibility 280 

of data acquisition and the practicability of model establishment, this paper calculated the indirect 281 

carbon emission of the construction industry caused by the production of steel, aluminum, wood, 282 

cement and glass, which are the most widely used building materials. The direct carbon emission of 283 

the construction industry caused by the consuming of twelve types of energy sources. Among them, 284 

raw coal, briquette coal, coke, gasoline, kerosene, diesel oil, fuel oil, lubricating oil, liquefied 285 

petroleum gas, natural gas and other ten kinds of energy sources are primary energy, and heat and 286 

electricity are secondary energy sources. Based on the above, this paper establishes the following 287 

carbon dioxide emission measurement approach of the construction industry: 288 

 
2

1
co i i i i

E C G                                
(6) 289 

Where 
2co

E is the total carbon dioxide emissions of the construction industry, i
C is the total energy 290 

consumption of energy i, i
  is the carbon dioxide emission factor of each kind of energy, i

G  is the 291 

usage amount of building materials i, i
 is the unit carbon dioxide emission coefficient of each kind 292 

of building material, is the recovery coefficient of some metal material , for the steel, is 0.8 and 293 

for aluminum is 0.85. Carbon dioxide emission factor comes from United States Department of 294 

Energy (1999), emission coefficient and recovery coefficient of each kind of building material come 295 

from the research of Yan et al (2010). 296 

 297 

5. Empirical Results 298 

5.1 The initial energy efficiency (Stage Ⅰ) 299 

This stage employed the SBM-undesirable model in the MaxDEA software to measure the initial 300 

energy efficiency of China's construction industry between 2005 and 2016. Table 2 showed the 301 

results, ignoring the effects of random errors and external environmental variables.  302 

 303 

 304 

Table 2 The initial energy efficiency of China's construction industry in Stage Ⅰ 305 

Province 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 average 

Anhui 0.72 0.71 0.69 0.75 0.71 0.62 0.69 0.65 0.66 0.65 0.73 0.71 0.69 

Beijing 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

javascript:;
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Chongqing 0.72 0.71 0.69 0.75 0.71 0.62 0.69 0.65 0.66 0.65 0.73 0.71 0.69 

Fujian 0.70 0.72 0.88 0.64 0.62 0.66 0.72 0.71 0.71 0.68 0.70 0.72 0.70 

Gansu 0.38 0.37 0.47 0.35 0.41 0.53 0.54 0.58 0.61 0.56 0.62 0.59 0.50 

Guangdong 0.58 0.63 0.63 0.61 0.68 0.61 0.62 1.00 0.63 0.63 0.61 0.62 0.65 

Guangxi 0.52 0.55 0.58 0.65 0.70 0.72 0.84 0.85 1.00 1.00 1.00 1.00 0.78 

Guizhou 0.47 0.46 0.47 0.46 0.55 0.54 0.59 0.63 0.64 0.63 0.62 0.55 0.55 

Hainan 0.46 0.44 1.00 0.55 0.55 1.00 1.00 1.00 1.00 1.00 0.77 0.82 0.80 

Hebei 0.56 0.54 0.57 0.57 0.62 0.62 0.66 0.63 0.74 0.79 0.71 0.72 0.64 

Henan 0.62 0.75 0.71 0.86 0.76 0.66 0.71 0.68 0.71 0.70 0.63 0.67 0.70 

Heilongjiang 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.69 0.78 0.96 

Hubei 0.52 0.59 0.56 0.66 0.67 0.60 0.75 0.69 0.79 0.93 0.85 1.00 0.72 

Hunan 0.57 0.58 0.63 0.62 0.63 0.68 1.00 1.00 1.00 1.00 0.69 0.76 0.76 

Jilin 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.65 0.81 1.00 0.68 1.00 0.93 

Jiangsu 1.00 1.00 1.00 1.00 1.00 0.79 0.77 0.78 1.00 1.00 1.00 1.00 0.95 

Jiangxi 0.69 0.72 0.81 1.00 1.00 1.00 1.00 1.00 0.88 1.00 0.87 0.87 0.90 

Liaoning 1.00 1.00 1.00 0.86 1.00 0.78 1.00 0.88 1.00 0.78 0.56 0.46 0.86 

Inner Mongolia 0.58 0.62 0.67 0.57 0.60 0.61 0.61 0.56 0.58 0.52 0.49 0.51 0.58 

Ningxia 0.50 0.53 0.60 0.57 0.68 0.71 0.72 0.71 0.73 0.74 0.64 0.67 0.65 

Qinghai 0.43 0.46 0.43 0.44 0.53 0.68 0.60 0.49 0.56 0.55 0.55 0.50 0.52 

Shandong 0.64 0.60 0.73 0.60 0.61 0.54 0.59 0.58 0.60 0.64 0.60 0.59 0.61 

Shanxi 0.62 0.62 0.59 0.61 0.71 0.63 0.65 0.59 0.64 0.65 0.56 0.59 0.62 

Shaanxi 0.67 0.70 0.76 0.69 0.75 1.00 1.00 0.80 0.77 0.74 0.75 0.82 0.79 

Shanghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Sichuan 0.56 0.59 0.57 0.62 0.68 0.60 0.63 0.69 0.69 0.69 0.67 0.69 0.64 

Tianjin 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.84 1.00 0.99 

Xinjiang 0.65 0.60 0.64 1.00 1.00 1.00 0.83 0.83 1.00 1.00 1.00 1.00 0.88 

Yunnan 0.47 0.46 0.48 0.48 0.58 0.60 0.63 0.54 0.64 0.61 0.60 0.60 0.56 

Zhejiang 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

It can be seen that Beijing, Tianjin, Zhejiang, Jiangxi, Shanghai, Jiangsu Heilongjiang and Jilin 306 

have higher energy efficiency, the average efficiency value of these provinces are close to 1. 307 

Guizhou, Qinghai, Inner Mongolia, Gansu and Yunnan are less energy efficient for their average 308 

efficiency value below 0.6. Among them, the energy efficiency values of Beijing, Tianjin, Zhejiang, 309 

and Shanghai are almost 1 from 2005 to 2016, indicating that the energy efficiency of construction 310 

industry in these provinces is high and very stable. These four provinces constitute the frontier of 311 

energy efficiency of China's provincial construction industry. There are 113 DMUs with a efficiency 312 

value of 1, accounting for 31.4% of all the DMUs, only 21 DMUs are less than 0.5, the overall 313 

situation of energy efficiency of China's provincial construction industry is good but the gaps 314 

between regions are obvious. According to the estimation results, the energy efficiency of Gansu, 315 

Guangxi, Hainan, Hubei, Chongqing has been improved obviously, while other provinces have not 316 

experienced significant fluctuations. By comparing the energy efficiency of 30 provinces 317 

horizontally, it can be seen that the highest energy efficiency is 1.000 and the lowest is below 0.500, 318 

indicating that the provinces with low energy efficiency have potential for improvement.  319 

Table 3 The division of China's six major regions 320 

 Region   Province    
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North China Beijing, Tianjin, Hebei, Shanxi, Inner Mongolia 

Northeast China Heilongjiang , Jilin , Liaoning 

East China Anhui, Zhejiang, Jiangsu, Shanghai, Fujian, Jiangxi, Shandong 

Middle of South China Hubei, Hunan, Henan, Guangdong, Guangxi, Hainan 

Southwest China Chongqing, Sichuan, Guizhou, Yunnan  

Northwest China Shanxi, Ningxia, Gansu, Qinghai, Xinjiang  

To study the regional differences in energy efficiency of the construction industry, 30 provinces 321 

were divided into six regions: North China, Northeast, East China, Middle of South, Southwest, and 322 

Northwest. Table 3 showed the division of these regions and Figure 3 shows the regional differences 323 

and tendency of these regions. It is illustrated that the efficiency of construction industry in 324 

Northeast and East China is relatively higher, the efficiency value in Southwest and Northwest is at 325 

a lower level though it has been growing for these years. The Northeast has been declining in recent 326 

years while East China is relatively stable, efficiency gaps between regions are decreasing by year. 327 

 328 

Figure 3: The initial regional energy efficiency in construction industry from 2005 to 2016 329 

5.2 SFA regression (Stage Ⅱ) 330 

In StageⅡ, a SFA model was employed to eliminate the influence of external environment as 331 

well as statistical noise. Urbanization, per capita GDP, environmental regulation, government public 332 

investment, human capital, and industrial structure were selected as environmental variables. The 333 

description of each variable and the indicators for selecting the variable were listed in the table 334 

below. 335 

 336 

Table 4 Selection and description of environment variables 337 

Variable name Definition of variables 

Urbanization Proportion of urban population 

Per capita GDP Per capita GDP of each province 

Environmental regulation The proportion of environmental management input to GDP 

Government public investment The proportion of fixed assets investment to GDP 

Human capital The proportion of employees with professional certificates 

Industrial structure Proportion of tertiary industry 

Frontier 4.1 was used to carry out the SFA analysis and Table 5 showed the results. It was 338 

illustrated that there was a significant σ� for each year and γ was also significantly bigger than 339 

0.5, indicating that the impact of external factor accounted for a large proportion of the total variance, 340 
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means the adjustment in this stage is necessary to eliminate the impact of external environment and 341 

random error. Based on the results, the impact of each environmental variables were discussed as 342 

bellow. 343 

Table 5 The results of SFA regression 344 

Environmental variables 
Dependent variables 

Slack of labor Slack of equipment Slack of capital Slack of energy 

constant 58.70*** 142.58*** -431.40*** -45.93*** 

Urbanization -0.65*** -5.52** -7.49* -0.27** 

Environmental regulation 0.78** -47.86*** 96.31** -1.67*** 

Per capita GDP 0.00 0.00 -0.01 0.00 

Industrial structure -0.64*** 2.20** 13.09*** 1.68* 

Government public investment -0.07* 1.90*** 5.93** 0.85*** 

Human capital -0.31*** -11.99** -24.29** -4.32** σ�
 913.46*** 158716.33*** 483589.07*** 16156.15*** γ 0.71*** 0.69*** 0.65*** 0.82*** 

log likelihood function -4867.36 -5813.02 -6039.88 -5307.04 

LR 180.29 153.46 154.07 306.68 

Note: ***, ** and * represent 1%, 5%, 10% significance respectively 345 

(1) Urbanization 346 

Table 5 showed that the level of urbanization is significantly negatively correlated with all of the 347 

four slack variables, especially the slack of equipment and capital, for the coefficients are -5.52 and 348 

-7.49, respectively. Therefore, the higher degree of urbanization will reduce the use of production 349 

factors and increase the efficiency of construction industry. It can be explained that higher 350 

urbanization level was benefit to the efficient use of labor, equipment, capital and energy in 351 

construction industry. 352 

(2) Environmental regulation  353 

It is showed that environmental regulation is negatively correlated with the slack of equipment 354 

and energy, while positively correlated with slack of labor and capital. In other words, 355 

environmental regulation will limit the use of equipment and energy in construction industry, which 356 

produce more pollution and consume more energy, make construction firms to substitute equipment 357 

and energy with cleaner production factors such labor and capital. Environmental regulation is 358 

generally believed to improve the total and industrial energy efficiency (Manda, 2010; Bi et al.,2014; 359 

Zhang et al., 2016), but the promotion effect may not exist due to specific environmental regulation 360 

policies and the enforcement force (Dirckinck, 2015; Lin and Xu, 2017), and this impact have 361 

regional differences (Lin and Xu, 2017). This section studies the correlation between environmental 362 

regulation and energy efficiency by investigate its impact on the slack variables, however, the 363 

measurement of energy efficiency in this paper was based on the frame of total factor energy 364 

efficiency (TFEE), so the substitution between these production factors resulted in the uncertain 365 

effect of environmental regulation on energy efficiency in construction industry. 366 

(3) Per capita GDP 367 

It is shown that Per capita GDP do not has significant impact on each input slacks, indicates that 368 

economic development will not promote energy-environment efficiency in construction industry, 369 

which is different form general belief. It may be explained that with the improvement of economic, 370 

the construction industry's dependence on energy has not weakened, and the energy structure of the 371 

javascript:;


14 

 

construction industry has not been well optimized. 372 

(4) Industrial structure 373 

It is illustrated from Table 5 that industrial structure is negatively correlated with the slack of 374 

labor, while positive correlated with slack of equipment, capital and energy, indicating that the 375 

proportion of tertiary industry is higher, the labor in the construction industry will decrease, and 376 

construction companies tend to use more equipment, capital and energy to cover the decline in labor. 377 

This may be explained that the increase of the proportion of the tertiary industry will lead to the 378 

increase of the price of labor and the expansion of financing channels at the same time, so 379 

construction firms tend to substitute labor with relatively inexpensive production factors and it is 380 

easier for them to raise their capital through financing and loans. So the influence of industrial 381 

structure on the efficiency of construction industry is uncertain due to the substitution between these 382 

production factors. At present, the impact of industrial structure on energy efficiency is mostly 383 

concerned on the provincial level and industrial sector (Li and Lin, 2014; Xiong et al., 2019), the 384 

influence of industrial structure on energy efficiency in construction industry needs to be further 385 

studied. 386 

(5) Government public investment  387 

This variable is positive correlated with all of the four slack variables, indicating the government 388 

fixed asset investment is not conducive to the reduction of waste of construction resources and the 389 

improvement of efficiency. This is a bit of a deviation from people's expectations. It can be explained 390 

from another perspective, that is, the production of the construction industry is greatly affected by 391 

policies, and the government's regulatory policies will have an important impact on the development 392 

of the construction industry. At present, the main body of the construction industry is still the 393 

government and large construction state-owned enterprises, the market economy requires the 394 

government to reduce its intervention in the market, and the government public investment to 395 

infrastructure construction or public buildings is not conducive to the improvement of the relative 396 

efficiency of the construction industry in China in the long term, indicating that construction 397 

industry may get better performance in energy and environment when government relax the 398 

intervention towards construction and give them more market incentives. The conclusion was 399 

conformed to the research on stated-owned power plants (Zhang and Choi, 2013; Zhang et al., 2014). 400 

(6) Human capital 401 

It is illustrated that human capital is negatively correlated with all of the four slack variables, 402 

indicating that the improvement of human capital will reduce various input indicators, so as to 403 

improve the efficiency of the construction industry. 404 

Based on the discussion for the impact of some external factors, it can be found that these factors, 405 

expect Per capita GDP, would have an impact on the energy efficiency of construction industry. 406 

Among the environmental factors, urbanization and human capital have a positive impact on energy 407 

efficiency, while government direct investment has a negative impact on energy efficiency. The 408 

impact of environmental regulation and industrial structure was uncertain on different provinces due 409 

to the substitution of production factors. Environmental regulation does not necessarily improve 410 

environmental efficiency and may have a negative impact on the development of the construction 411 

industry. Economic development has little impact on energy efficiency in construction industry, 412 

possibly because that the energy structure and technological innovation in construction industry are 413 

not significantly promoted in the process of economic development in recently years. 414 

Therefore, external environment has a certain impact on energy efficiency, when the external 415 
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environment became relatively equitable, the real energy efficiency will better reflect the internal 416 

management efficiency of the construction industry. Specially, the efficiency value of construction 417 

industry in provinces facing better external environment and good luck may be higher, while 418 

provinces facing a poor external environment and luck will have lower construction efficiency. 419 

When evaluating the efficiency of the construction industry, it is necessary to adjust the external 420 

environment factors and random error factors, making all DMUs are under the influence of unified 421 

external environment and random error, then its real efficiency level is investigated more accurately 422 

in Stage Ⅲ. 423 

 424 

5.3 Environmental-adjusted energy efficiency (Stage Ⅲ) 425 

The input-output data in Stage Ⅰ can be adjusted according to the results of the SFA model 426 

regression to provide new input output data to Stage Ⅲ for the evaluation and Table 6 shows the 427 

efficiency of each DMU in Stage Ⅲ. It is illustrated that when all provinces are facing the worst 428 

external environment and luck, there has been a decrease in overall efficiency. Among the eight 429 

provinces with higher efficiency in Stage Ⅰ, Beijing, Zhejiang, Shanghai and Jiangsu are still at the 430 

frontier with the efficiency value of 1, while the efficiency value Tianjin, Jiangxi, Heilongjiang and 431 

Jilin have a significant decline. This phenomenon indicated that the management level of the 432 

construction industry in these provinces is not well and their efficiency were high in Stage Ⅰ because 433 

they faced with better external environment, while traditionally developed provinces Beijing, 434 

Zhejiang, Shanghai and Jiangsu have a high level of management in construction industry so their 435 

efficiency did not decrease after adjustment. There are 73 DMUs with an efficiency value equals to 436 

1, 40 less than the number of Stage Ⅰ and DMUs with an efficiency below 0.5 is more than 50%, 437 

shows that management inefficiency is widespread in the construction industry. 438 

Figure 4 shows the change of energy efficiency of China’s construction industry in six regions of 439 

China. It is illustrated that the efficiency of construction industry in Northeast and East China is 440 

relatively higher; the efficiency value in Northwest China is at a lowest level. Energy efficiency in 441 

East China, Middle of China and North China was on the rise, while other regions clearly fluctuating, 442 

and there was a sharp drop after 2011 in Northeast China, indicating that the management level of 443 

its construction industry has deteriorated. 444 

Figure 5 shows the changes of average efficiency in Stage Ⅰ and Stage Ⅲ. When all DMUs are 445 

faced with the worst external environment and luck, the average efficiency has decreased in most 446 

provinces. In terms of the “high-low” provinces, such as Hainan, Ningxia and Qinghai, the 447 

dramatic decrease of energy efficiency when facing the poorest external environment and luck 448 

showed that their relatively higher energy efficiency in StageⅠwere benefit from their superior 449 

external environment, but the management level in their construction industry limits the potential 450 

to be realized. The “high-high” provinces, especially Beijing, Zhejiang and Shanghai, has an 451 

efficiency value of 1 in both StageⅠand Stage Ⅲ, indicating that their environmental conditions 452 

and management level reached a high level. In terms of limited “low-high” provinces(Jiangsu, 453 

Hubei and Guangdong), there was a slight increase after the adjustment, indicating that the external 454 

environment limits the contributions of the management level in their construction industry, and the 455 

improvement of energy efficiency need to start from improving external environment.  456 

At the regional level, in the Eastern region, the construction industry management level is high 457 

and the environmental conditions are good, so the efficiency level is very high, of Central and 458 

Northern management level has also been gradually improve, the Western region construction 459 
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efficiency is low not only because of its natural and social environment, the management level of 460 

the construction industry itself is also the important reasons of the low efficiency. Although the 461 

natural and social environment in Northeast China is better, but its management level is low, which 462 

limits its efficiency in construction industry. 463 

Table 6 The energy efficiency of China's construction industry in Stage Ⅲ 464 

Province 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 average 

Anhui 0.52  0.50  0.52  0.54  0.56  0.58  0.63  0.69  0.66  0.64  0.72  0.65  0.60  

Beijing 1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  

Chongqing 0.44  0.44  0.46  0.52  0.56  0.58  0.63  0.75  0.78  0.87  1.00  1.00  0.67  

Fujian 0.48  0.53  0.63  0.55  0.53  0.58  0.63  0.62  0.63  0.63  0.65  0.67  0.59  

Gansu 0.26  0.24  0.30  0.24  0.27  0.38  0.36  0.47  0.47  0.44  0.50  0.45  0.36  

Guangdong 0.62  0.64  0.65  0.63  0.66  0.61  0.60  1.00  0.67  0.64  0.65  0.68  0.67  

Guangxi 0.33  0.36  0.37  0.41  0.42  0.49  0.56  0.56  0.79  0.75  1.00  1.00  0.59  

Guizhou 0.32  0.32  0.31  0.32  0.37  0.38  0.38  0.43  0.44  0.44  0.45  0.43  0.38  

Hainan 0.09  0.08  0.10  0.12  0.13  0.19  0.20  0.20  0.21  0.23  0.27  0.24  0.17  

Hebei 0.51  0.48  0.52  0.52  0.57  0.63  0.65  0.73  0.80  1.00  0.62  0.64  0.64  

Henan 0.47  0.53  0.54  0.62  0.64  0.65  0.74  0.64  0.74  0.64  0.74  0.65  0.64  

Heilongjiang 0.44  0.45  0.50  0.49  0.57  1.00  1.00  1.00  1.00  0.69  0.51  0.51  0.68  

Hubei 0.46  0.54  0.52  0.62  0.66  0.81  0.90  1.00  1.00  1.00  1.00  1.00  0.79  

Hunan 0.49  0.49  0.53  0.55  0.55  0.61  1.00  1.00  1.00  1.00  0.68  0.75  0.72  

Jilin 1.00  0.46  0.56  0.54  0.60  0.61  0.70  0.48  0.55  0.60  0.55  1.00  0.64  

Jiangsu 1.00  1.00  1.00  1.00  1.00  1.00  0.78  0.81  1.00  1.00  1.00  1.00  0.97  

Jiangxi 0.39  0.41  0.45  0.52  0.55  0.61  0.59  0.72  0.74  1.00  0.70  0.74  0.62  

Liaoning 0.73  0.69  0.72  0.68  0.74  1.00  1.00  1.00  1.00  0.75  0.53  0.40  0.77  

Inner Mongolia 0.35  0.34  0.42  0.36  0.42  0.43  0.46  0.43  0.44  0.38  0.27  0.27  0.38  

Ningxia 0.13  0.14  0.14  0.17  0.20  0.24  0.23  0.26  0.24  0.24  0.22  0.20  0.20  

Qinghai 0.15  0.15  0.15  0.14  0.18  0.22  0.25  0.22  0.25  0.25  0.23  0.19  0.20  

Shandong 0.65  0.59  0.64  0.59  0.59  0.59  0.64  0.56  0.62  0.64  0.63  0.63  0.61  

Shanxi 0.52  0.49  0.45  0.47  0.57  0.56  0.53  0.53  0.55  0.51  0.44  0.47  0.51  

Shaanxi 0.49  0.51  0.59  1.00  0.66  1.00  1.00  1.00  0.73  0.75  0.65  0.67  0.75  

Shanghai 1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  

Sichuan 0.51  0.52  0.53  0.58  0.62  0.56  0.59  0.67  0.66  0.68  0.69  0.74  0.61  

Tianjin 0.65  0.64  0.64  0.59  0.62  0.70  0.79  0.68  0.67  0.69  0.69  0.79  0.68  

Xinjiang 0.43  0.36  0.39  0.49  0.54  0.55  0.55  0.59  1.00  0.70  0.66  0.62  0.57  

Yunnan 0.39  0.38  0.39  0.41  0.47  0.49  0.57  0.57  0.55  0.51  0.57  0.60  0.49  

Zhejiang 1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  1.00  

 465 

 466 
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 467 

Figure 4: China’s regional energy efficiency in construction industry after adjusted from 2005 to 2016 468 

. 469 

Figure 5: The comparison of China’s regional average energy efficiency in construction industry 470 

 471 

 472 

6. Conclusion and policy implications 473 

This paper employed three-stage undesirable SBM-DEA to evaluate the energy efficiency of 474 

construction industry of 30 provinces in China from 2005 to 2016 and discussed the influence of 475 

external factors by SFA approach in StageⅡ. Following conclusions could be obtained through the 476 

empirical results. Firstly, after the adjustment which let each DMU facing the poorest external 477 

factors and random error, the energy efficiency of China’s construction industry showed a 478 

significant decline, indicating that the low efficiency of management in the construction industry is 479 

an important factor leading to the low level of energy efficiency in China’s construction industry. 480 

Secondly, compared with the “high-high” provinces, which has made full use of the superior 481 

external environment by their high management level, the “high-low” provinces needs to fully 482 
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realize the potential in promoting energy efficiency of its external environment by improving its 483 

own management of construction. On the contrary, the “low-high” provinces need to improve the 484 

external environment to ease its restrictions on the level of management in the construction industry. 485 

Thirdly, among the external environmental factors, urbanization and human capital have a positive 486 

impact on energy efficiency, while government direct investment has a negative impact on energy 487 

efficiency. The impact of environmental regulation and industrial structure was uncertain on 488 

different provinces due to the substitution of production factors. Environmental regulation does not 489 

necessarily improve environmental efficiency and may have a negative impact on the development 490 

of the construction industry. Economic development has little impact on energy efficiency in 491 

construction industry, possibly because that the energy structure and technological innovation in 492 

construction industry are not significantly promoted in the process of economic development in 493 

recently years.In response to the above conclusions, some policy applications were proposed. (1) 494 

The promotion of the energy efficiency of the construction industry should not only rely on 495 

improving the external environment, but also take full account of the internal management level. 496 

The potential to improve the energy efficiency rely on improving the management level in Northeast 497 

China, while in “low-high” province should shed light on improving external environment. (2) 498 

Improving the urbanization level and the technical level of the construction industry will promote 499 

the improvement of the energy efficiency of the construction industry. (3) The government should 500 

reduce intervention in the construction industry and focus on ensuring fair competition in the market. 501 

At the same time, the characteristics of the construction industry should be taken into account when 502 

carrying out environmental regulation. (4) In the process of economic development, construction 503 

enterprises need to optimize the energy structure and enhance the human capital investment, which 504 

will help Chinese construction industry to improve energy efficiency and achieve the goal of energy 505 

conservation and emission reduction. 506 

 507 
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Figures

Figure 1

Carbon emission of construction industry during from 2000 to 2016



Figure 2

Methodological framework of the three-stage undesirable SBM-DEA model



Figure 3

The initial regional energy e�ciency in construction industry from 2005 to 2016

Figure 4



China’s regional energy e�ciency in construction industry after adjusted from 2005 to 2016

Figure 5

The comparison of China’s regional average energy e�ciency in construction industry


