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Abstract — Rise of green industrial revolution’ objected to low-carbon and energy conservation has made it an important research
direction to measure energy efficiency and its influence factors. In this paper, character identification method has been proposed to
determine influence factors of energy efficiency, and energy efficiency of 24 provinces is analyzed and evaluated by the method of
data mining algorithm. In the research, some common classification algorithms are utilized to build three classification models
with collected data, with the accuracy of over 90%. Then energy efficiency of other six provinces are predicted with this model.
Furthermore, provinces with high and low energy efficiency are distinguished by cluster algorithm, and the trend of a fall in
energy efficiency of the whole country is discovered. In the end, on the basis of above analysis, a strategy is put forward to improve
Chinese energy efficiency.
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I. INTRODUCTION
As the condition of energy and environment is being
more and more severe, worldwide attention has been paid
to the field of energy efficiency. Many scholars have
studied the improvement of energy utilization efficiency
and its energy-saving potential from different aspects, and
have drawn the conclusion that to improve energy
utilization efficiency is an important method to reduce
energy consumption, mitigate supply and demand
contradiction as well as keep economy growth sustained
and steady[1-3]. Some policies in China also state that it is
essential to accelerate the progress in converting the way
economy develops, enforcing energy resource saving and
ecological environment protection, and enhancing
sustainable development ability[4]. It cannot be denied that
China is still under the condition of high resource and
energy consumption, low energy utilization and severe
pollution[5]. Energy utilization efficiency is still low
among the world, which has become challenge to
sustainable development[6]. To release the mentioned
energy contradiction, it is of emergency to save energy and
increase energy utilization efficiency. To conclude, it is
necessary to find out the key influence factors of energy
efficiency, and the degree of influences should be
quantitatively analyzed.
Energy utilization efficiency is mostly calculated by the
method of DEA. Hu and Wang raised the concept of total
factor energy efficiency with EDA[7]. Afterwards,
researches were following this thought, for example, make
GDP the output index, and make energy consumption,
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capital, labor, energy consumption per unit of GDP the
input index[8,9]. Some scholars also studied the effects of
the industrial structure, technological progress, openness
and other factors on energy efficiency, on the basis of
estimating the total factor energy efficiency[10]. Due to the
complexity of Chinese regions and imbalance of spatial
development, many scholars use energy panel data of
different provinces to analyze energy efficiency of different
regions or provinces. Some effective calculation method
and evaluation methods were given out in this way[11-13].
However, as different scholars would use different metrics
to calculate the energy efficiency, it is difficult to figure out
the actual factors that affect energy efficiency. In this
paper, data mining methods are used to take existing
literature factors comprehensively into account, and a
gather of energy efficiency feature is formed. According to
the energy efficiency published in former papers, an
experiential learning sample is formed, and key factors
affecting energy efficiency are identified with the method
of feature selection. So influence degrees of various factors
can be quantitatively measured. Then an energy efficiency
classification model for prediction is formed by
classification algorithm. In this way, it is unnecessary to
calculate energy efficiency value. Instead, a scientific and
targeted method, data mining, can be applied to solve the
issue of energy efficiency evaluation.
The key innovation point of this paper is taking charge
of data mining method. 8 indicators of 24 provinces from
2005 to 2013 is treated as feature space, and the feature
contribution rate is evaluated by feature selection method,
which helps identifying key factors that affect energy
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efficiency. The paper uses classification algorithm to
acquire energy efficiency categories models for each
province in China, and predicts energy efficiency categories
of the other four provinces as well as those in the future. At
the same time, energy efficiency cluster results were
obtained by clustering algorithm. The results avoids
influence of existing results, and distributes trends for each
province, which would be reference for energy efficiency
development of each province.
II. DATA COLLECTION AND FEATURE
SELECTION
Energy efficiency can be defined as measurement of the
largest extent that practical output capacity can make up
under the current fixed energy input, or can be defined as
the smallest input under fixed output condition. It is a
dimensionless value between 0 and 1, and is an important
part of a regional economic efficiency. Due to the level of
energy efficiency is influenced by many factors, the
measurement of energy efficiency should consider multiple
indicators. On this basis, key factors are identified, and
prediction for future energy efficiency of the regions can be
obtained,According to China Statistical Yearbook, ’China
Energy Statistical Yearbook’ and the regional statistical
yearbook, this paper collects panel data from 24 provinces
and autonomous regions (excluding Tibet, Hong Kong,
Macao and Taiwan, Jilin, Heilongjiang, Guizhou, Yunnan
Gansu, Qinghai) from 2005 to 2013. The identification of
energy efficiency factors considers selection of existing
researches, meaning input elements generally consider
energy consumption, labor, energy, industrial investment
and capital investment; output elements include GDP,
environmental pollution. etc[14]. Since the study only
needs to classify the levels of energy efficiency, there is no
need to calculate the value of the specific energy efficiency.
Considering the availability of data, this paper selects the
primary energy production, the total energy consumption,
energy consumption elasticity coefficient, energy and
industrial investment capital stock as an indicator of inputs,
the provinces GDP, unit GDP energy consumption and
sulfur dioxide emission coefficient as the output indicators.
Therefore, the selected feature space includes primary
energy production (F1), the total energy consumption (F2),
energy consumption elasticity coefficient (F3), GDP (F4),
the energy industry investment (F5), unit production
capacity consumption (F6), capital stock (F7), and sulfur
dioxide emission factors (F8). Among them, the primary
energy production (F1) is qualified products that primary
energy enterprises (companies) produce from nature
existing energy during the reporting period, such as crude
oil, coal, gas and hydropower electricity. Total energy
consumption (F2) refers to the real energy consumption
that companies consume during statistics reporting period,
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the value is calculated by taking a predetermined sum and
converting to the measurement unit. Energy consumption
elasticity coefficient (F3) is an indicator of the relationship
between the proportion of gross domestic product growth
rate of energy consumption and economic growth rate.
GDP (F4), is market price of all final goods and services of
all resident units of a country (within national borders) in a
given period. GDP is a key indicator of national accounting,
as well as an important indicator of the overall economic
situation of a country or region. Energy Industry
Investment (F5) is the total funds invested in the energy
industry. Unit production capacity consumption (F6) refers
to energy that per unit of gross domestic product consumes
in a country or region during a period of time. Capital stock
(F7) is all existing capital resources of an enterprise. It is
sum of all types of resources that put into the enterprises. It
exists in the form of assets and is also known as the stock
of assets. According to its status in the production process,
it can be divided into two categories: stock of assets that
involved in the reproduction and the stock of idle assets,
including idle plant, machinery and equipment. Sulfur
dioxide emission factor (F8) is the volume of sulfur dioxide
emissions from energy combustion or usage (per unit).
III. ENERGY EFFICIENCY OF DATA MINING
ALGORITHM
This paper use the classification algorithm, the collected
216 energy efficiency influencing factors of instance data
for analysis. Due to the range between the eight
characteristics are different. For data preprocessing, the
characteristic value standardization that correct for feature
selection. On this basis, the comprehensive documented
different size of the provincial energy efficiency calculation,
Category annotations to the data collection, the class label
for learning to get training set classification algorithm. By
comparing the advantages and disadvantages of different
classification algorithm, this article can use the
classification model, so that they can use in the prediction.
In order to compare the energy efficiency analysis under
the category labels. This paper adopts two kinds of
clustering algorithms, the collected data classified with the
year, then we can observe the provincial energy efficiency
category distribution and change trend.

A.

Data Standardization

The most typical method of data standardization is the
standardization of 0 and 1(normalized).Through the linear
transformation of the original data, the results into interval
[0, 1]. When data are positive value, we can use another
kind of simplified form to express:

ISSN: 1473-804x online, 1473-8031 print

FANSHENG MENG et.al: RECOGNITION AND PREDICTION OF CHINESE ENERGY EFFICIENCY INFLUENCE . . .

space. At the same time, removing the feature space of
some redundant information to avoid the impact of these
information for classification prediction, then to improve
the prediction accuracy and computational efficiency of
classification algorithm. Information gain is the most
common method of feature selection, the concept is closely
related to the information entropy[15,16,17]. According to
the research, scholars in the use of information gain to
extract features, generally gain value threshold is set to
0.0025[18]. Using data mining software WEKA calculate
the characteristics of information gain value, and select the
six characteristics of the information gain value is greater
than 0.0025 to sort it, eigenvalue reserved to two decimal
places. The results are shown in table I:

(1)
Considering the use of the characteristics of the data set
values are positive, so use simplified conversion function to
normalize every components. Eigenvalues of the
transformed distribution in [0, 1], eliminates the feature
space caused by different domain feature value selection
error.

B. Feature Selection
Feature selection is done by searching for a data set of all
possible feature set, according to certain rules to select a set
of effective features to reduce the dimension of feature

TABLE I. DIFFERENT CHARACTERISTICS ON THE CLASSIFICATION OF INFORMATION GAIN
Information gain value

feature of the no

1

0.68

F6

energy consumption per unit GDP

2

0.25

F8

sulfur dioxide emission coefficient
capital stock

3

0.18

F7

4

0.15

F4

GDP

5

0.14

F1

primary energy production

6

0.08

F3

energy consumption elasticity coefficient

Can be seen from table I, the six characteristic F6、
F8、F7、F4、F1、F3 have strong correlation with the
category attribute, as the key influence factors of energy
efficiency.F6(energy consumption per unit GDP) the
biggest impact, the second is F8(sulfur dioxide emission
coefficient),F7(capital stock) 、 F4(GDP) 、 F1(primary
energy production)、F3（energy consumption elasticity
coefficient）These four characteristics have the similar
influence degree of the energy efficiency. And the data set
F5(the energy industry investment)、F2（the total energy
consumption）the two features are filtered. Therefore, we
can think the two features are almost no effect on energy
efficiency.
C.

feature of the name

sort

Classification Analysis

The classification of the two types of problems is the
most basic problem, it is more simple and easy handling
than other classification problems. In this paper, the
analysis of energy efficiency also can be summed up in
two types of problems, the example of the data set is
divided into two categories, high energy efficiency and
low energy efficiency. So here the classification number
is set to 2, the column tag of 0 and 1, 0, for high energy
efficiency, 1 represents the low energy efficiency.
According to the results of feature selection in
section 3.2, F6, F8, F7, F4, F1, F3 is the key influence
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factors of energy efficiency, but F5, F2 these two factors
almost had no effect on energy efficiency. So remove the
data set F5 and F2 these two attributes in classification, to
eliminate the attribute values on the result of
classification. There are a lot of the classification of the
data mining method, The decision tree algorithm is the
most widely used[19]. The traditional decision tree
algorithm is simple and practical, Classification algorithm
based on rule learning and learning strategy based on
element learning strategies has the advantages of easy to
optimize, high efficiency and high accuracy[20,21]. Due
to the three kinds of classification methods in many areas
are verified its good classification effect, therefore, in the
study tries to use the above three methods to classify data
sets.
1) Decision Tree
The decision tree, also known as decision tree, it
based on the instance of inductive learning algorithm,
then from a set without order and rules of tuple, reasoned
decision tree representation of classification rules[22,23].
C4.5 algorithm is widely used in the decision tree
algorithm[24], it is j. Ross Quinlan put forward on ID3
algorithm. It is based on information gain rate methods to
select testing attributes, information gain rate is equal to
the
information
gain
ratio
of
segmentation
information[22,25]. C4.5 is implemented in the WEKA
J48 decision tree, in this paper, using J48 classifier for
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energy efficiency factors affecting data set for training,

get the decision tree as shown in figure 1.

Fig.1 Energy Efficiency Of Classification Decision Tree Branches

2)

Based On The Rules of Classification
Based on the rules of classification is to use a set of
if…then rules to classify. Algorithm thought: Start with
the training set to generate rules set, each rule is to use
conjunction conditions, with “⇒ ” separate rules before
and after: As a rule ri: condition j⇒ yj. If the rule of r and
record before x attributes matching, says r overlay x.
When r cover a given record, said r is triggered. Set up
rules set, then classify. Classification of each stay record
and each of a set of rules, if a rule is triggered, the record
is to be classified. This article uses JRip classifier
established rules, through the RIPPER algorithm to
implement. The sorting scheme based on class, belong to
the same class rules in rule sets along with them, and then
these rules according to which they belong to the class
information together[26]. Between the rules of the same
kind of relative order is not important, because they
belong to the same class. RIPPER algorithm to extract
rules directly from the data, when extracting rules, class
of all training records is seen as a positive example, other
types of training records is seen as a counterexample. The
rules of the growth strategy from general to specific, to
select the best conjunction item added to the front of the
rules of the evaluation standard is FOIL information gain,
until the rules cover counterexample, stop adding
conjunction. While pruning begins finally add in
conjunction, given regulation ABCD⇒ y. Check whether
D should be removed first, and then is the CD, BCD, etc.
3) Element Learning
Element learning is conducted based on the results of
learning to learn or more and get the final result[27].
While constructing a high accuracy of classification
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model is difficult, but it is easy to create a discriminant
accuracy slightly better than chance would model (weak
classifier). Boosting is aimed at the weak classifier
learning in advance, it is gradually promoted to "strong
classifier" a machine learning method, which can improve
effect of classifier. In this paper, Adboost algorithm used
by Freud and Schapire improve and widely used in
practice[28]. The basic idea: Based on existing sample
data sets to build a foundation of "weak classifier",
repeated calls the "weak classifier", In each round of
wrongful convictions sample gives greater weight, make
it more focus on those difficult given samples. After
several rounds of circulation, finally adopts the method of
weighting each round of "weak classifier" synthetic
"strong classifier", so as to get a high precision of
classification discriminant model.
4)
Classification Results Analysis
In order to guarantee the accuracy of the generated
classification model, the model is selected and evaluated
by ten-fold cross validation. The data set is divided into
10 subsets, the cross validation is repeated 10 times, and a
subset is selected as the test set while the others selected
as training set, and the average cross recognition rate of
10 times is the final result.
Precision, recall and F-measure are the common
indicators to measure the classification results, using
these three indicators to evaluate the performance of the
three classifiers used in the experiment. In the calculation
of precision and recall, the four indicators used in ROC
curve analysis: true positive (TP), false positive (FP),
false negative (FN) and true negative (TN). These
calculation formulas are as follows:

15.4
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precision 

TP
TP  FP

formula is:

(2)

TP
recall 
TP  FN

F  measure 

(3)

2 precision  recall
precision  recall

(4)

Table IV is the classification result of the energy
efficiency influence factor data set which using J48, JRip,
LogitBoost classifiers.

Among them, F-measure is the harmonic mean of
precision and recall rate, can be used as a key index to
measure the performance of the classifier, and the

TABLE IV. CLASSIFICATION RESULTS USING THREE CLASSIFIERS
Classifiers

TP Rate

FP Rate

Precision

Recall

J48

0.921

0.078

0.922

0.921

0.921

JRip

0.917

0.083

0.918

0.917

0.917

LogitBoost

0.940

0.059

0.943

0.940

0.940

It can be found from table IV that LogitBoost is better
than J48 and JRip classifier. It means that LogitBoost is
the best classifier based on the key influence factors on
energy efficiency according to the preamble. The
F-measure values of the three classifiers are all higher
than 0.9. The classification results obtained by the three
classification methods are good. The three classification
models can be used to predict the energy efficiency of the
data in other provinces and cities, which are not included
in the data set.
5)
Prediction Based Classification Model
Through the analysis of the foregoing, the accuracy of

F-Measure

the three classification models is more than 90%, and the
good classification results can be achieved. So the three
classification models, JRip, LogitBoost and J48 can be
used to forecast.
Collects Jilin, Heilongjiang, Guizhou, Yunnan, Gansu
and Qinghai province’s energy efficiency of the impact
factor data in 2013,, feature space is consisted of six
factors, a primary energy production, energy consumption
elasticity coefficient, GDP, unit GDP energy consumption,
capital stock and sulfur dioxide emissions coefficient.
After standard the feature values, the above three kinds of
classification models are used to predict the results. The
results are as follows:

TABLE V. FORECAST RESULTS USED THREE CLASSIFIERS RESPECTIVELY.
Provinces
Jilin

Heilongjiang

Guizhou

Yunnan

Gansu

Qinghai

Classifiers

Predicted

Error prediction

J48

0

0.949

JRip

0

0.922

LogitBoost

0

0.870

J48

0

0.949

JRip

0

0.922

LogitBoost

0

0.704

J48

1

1

JRip

1

0.990

LogitBoost

1

0.990

J48

0

0.949

JRip

0

0.922

LogitBoost

0

0.739

J48

0

0.917

JRip

0

0.923

LogitBoost

0

0.547

J48

1

1

JRip

1

0.990

LogitBoost

1

0.914

0.858

0.993

0.870

0.796

0.997

0.999

From the table, it can be seen that the results are
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consistent with the results obtained by using three
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different classifiers. Jilin, Heilongjiang, Yunnan and
Gansu have been predicted to be 0 kinds of high energy
efficiency, while the forecast results of Qinghai and
Guizhou are 1 kinds, which are low energy efficiency.
The prediction results of the three classification models
are consistent with the prediction results of the energy
efficiency of each province, but there is a different degree
of confidence. For example, using the J48 classifier to
predict energy efficiency in Jilin in 2013, the results show
that 94.9% to be the 0 categories, while using JRip and
LogitBoost classifier to predict the possibility of high
energy efficiency in Jilin in 2013 was 92.2% and 87%.
Three kinds of classification models were chosen to
reflect the average forecast accuracy, so as to choose the
forecast results. Here, only the average forecast accuracy
of the results more than 85% is considered. Table V
shows that the average forecast accuracy of Jilin,
Heilongjiang, Guizhou, Yunnan and Qinghai are more
than 85%, therefore, the forecast results are adopted, Jilin,
Heilongjiang and Yunnan are high energy efficiency
provinces in 2013, Guizhou and Qinghai are low energy
efficiency provinces. The average forecast accuracy of
Gansu is only 79.6%, which is less reliable than the first
five provinces, so the forecast result can’t be adopted.

which makes the objects exhibit high similarity in the
same cluster but low similarity among different clusters.
The EM algorithm, on the other hand, is frequently used
in the cluster analysis of machine learning and computer
vision. In order to improve the accuracy, the above
mentioned algorithms are wrapped by the Meta Density
Based Clusterer in WEKA. Mata Density Based Clusterer,
fitting a discrete distribution or a symmetrical normal
distribution for every cluster, realizes the gradual
clustering from the global to the local, thus is powerful in
the local search and converges fast. A global population
without sub-population is initialized first, and iterative
search is conducted in the global population. During this
process, the individuals are clustered, and a
sub-population is formed when the number of the
individuals reached a specified minimum value. Then
iterative search is conducted in each sub-population and
the individuals are re-clustered, which enhances the
ability of the algorithm to jump out of the local optimum.
1) K-means Cluster
Simple K-means, viz. the k means cluster algorithm,
first assigns the number of the clusters k and randomly
chooses k samples as the center of the initial clusters.
Then the distances between each sample and its
corresponding cluster center are calculated and the
samples are classified. After the classification of all the
samples, the centers of clusters are re-calculated. The
above process is repeated until the centers of the clusters
do not change anymore, the k clusters obtained is the
final cluster results [29]. The results based on K-means
cluster are listed by year in Table II below:

D. Cluster Analysis
According to the idea in this work, clustering is made
based on the classification algorithm. In WEKA, the
classification algorithms are the Simple K-means and EM,
respectively. The K-means algorithm, a frequently
applied algorithm in cluster analysis, receives the input
data k and classifies the n data objects into k clusters,

TABLE II. THE K-MEANS CLUSTER RESULTS OF THE ENERGY EFFICIENCY OF EACH PROVINCE IN CHINA
Year

Cluster0

Cluster1

Beijing, Tianjin, Hebei, Shanxi, Inner Mongolia, Liaoning, Shanghai, Jiangsu,
2005

Zhejiang, Anhui, Fujian, Jiangxi, Henan, Hubei, Hunan, Guangdong, Guangxi,

Shandong

Hainan, Chongqing, Sichuan, Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Hebei, Shanxi, Inner Mongolia, Liaoning, Shanghai, Zhejiang,
2006

Anhui, Fujian, Jiangxi, Henan, Hubei, Hunan, Guangxi, Hainan, Chongqing,

Jiangsu, Shandong, Guangdong

Sichuan, Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Shanxi, Inner Mongolia, Liaoning, Shanghai, Zhejiang, Anhui,
2007

Fujian, Jiangxi, Henan, Hubei, Hunan, Guangxi, Hainan, Chongqing, Sichuan,

Hebei, Jiangsu, Shandong, Guangdong

Shaanxi, Ningxia, Xinjiang
2008
2009

2010

2011

Beijing, Tianjin, Liaoning, Shanghai, Anhui, Fujian, Jiangxi, Hubei, Hunan,
Guangxi, Hainan, Chongqing, Sichuan, Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Shanxi, Liaoning, Anhui, Fujian, Jiangxi, Hubei, Hunan,
Guangxi, Hainan, Chongqing, Sichuan, Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Anhui, Fujian, Jiangxi, Hubei, Hunan, Guangxi, Hainan,
Chongqing, Shaanxi, Ningxia, Xinjiang

Inner

Mongolia,

Shanghai,

Jiangsu,

Hebei,

Inner

Mongolia,

Shanghai,

Jiangsu,

Zhejiang, Shandong, Henan, Guangdong
Hebei,

Shanxi,

Inner

Mongolia,

Liaoning,

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
Guangdong, Sichuan

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Hunan, Guangxi, Hainan, Chongqing,
Shaanxi, Ningxia, Xinjiang
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Hebei,

Zhejiang, Shandong, Henan, Guangdong

Hebei,

Shanxi,

Inner

Mongolia,

Liaoning,

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
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Hubei, Guangdong, Sichuan
2012

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Guangxi, Hainan, Chongqing, Ningxia,
Xinjiang

Hebei,

Inner

Mongolia,

Liaoning,

Hubei, Hunan, Guangdong, Sichuan, Shaanxi
Hebei,

2013

Shanxi,

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Guangxi, Hainan, Chongqing, Ningxia

Shanxi,

Inner

Mongolia,

Liaoning,

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
Hubei,

Hunan,

Guangdong,

Sichuan,

Shaanxi,

Xinjiang

Mongolia, Shanghai, Zhejiang, etc. Those keeping high
energy-efficiency include Beijing, Fujian, Jiangxi and
Guangxi, etc., whereas Shandong, Jiangsu and
Guangdong were in low energy-efficiency state for a long
time.
2) EM cluster
The EM is an algorithm which searches the maximum
likelihood estimation or maximum posterior estimation
probabilistic model [30]. In EM algorithm, the likelihood
probabilities of the parameters and training samples
increase gradually through the improvement of the
parameters of the model, which end at a maximum. The
EM algorithm can be treated as a successive approaching
algorithm, in which the parameters of the model are not
known. The parameters can be randomly chosen or
initialized roughly beforehand. The most probable state of
these parameters is determined and the probability of
each training sample is calculated. Then the parameters
are corrected by the samples at current state and
re-estimated, and the models are re-established with the
new parameters. In this way, the algorithm ends at a
certain convergence criterion after iteration, which
ensures the parameters of the model approach the real
ones. The cluster results by the EM algorithm are
obtained as below:

As illustrated from Table II, the 216 samples are
classified into 2 categories by the K-means algorithm.
Cluster0 has 140 samples and accounts for 65% of the
total, while cluster1 has 76 samples and account for
35%.Comparing the data among different years shows
that the energy consumption per GDP (F6) in cluster0 is
smaller than that in cluster1, which means lower energy
consumption per GDP. And the energy consumption
elastic coefficient (F3) in cluster0 is smaller than that in
cluster1. Samples in cluster0 have lower energy
consumption growth rate and sulfur dioxide emission
coefficient than those in cluster1 with the same national
economic growth rate, which means that samples in
cluster0 have smaller sulfur dioxide emission per energy
burning, thus have a lower pollution factor on the
environment. Thus, samples in cluster0 are classified as
high energy efficient ones while those in cluster1 are
classified as low ones.as shown in Table II, the number of
high energy-efficiency provinces decreases gradually
from 2005 to 2013. Many high energy-efficiency
provinces turned into low energy-efficiency ones. For
instance, Liaoning was high energy-efficiency province
till 2009, but became low energy-efficiency ones from
2010. Similar provinces include Hebei, Shanxi, Inner

TABLE III.THE EM CLUSTER RESULTS OF THE ENERGY EFFICIENCY OF EACH PROVINCE IN CHINA
Year

Cluster0

Cluster1

Beijing, Tianjin, Hebei, Inner Mongolia, Liaoning, Shanghai,
2005

Zhejiang, Anhui, Fujian, Jiangxi, Henan, Hubei, Hunan, Guangxi,

Shanxi, Jiangsu, Shandong, Guangdong

Hainan, Chongqing, Sichuan, Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Liaoning, Shanghai, Zhejiang, Anhui, Fujian,
2006

Jiangxi, Henan, Hubei, Hunan, Guangxi, Hainan, Chongqing, Sichuan,
Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Liaoning, Shanghai, Zhejiang, Anhui, Fujian,

2007

Jiangxi, Hubei, Hunan, Guangxi, Hainan, Chongqing, Sichuan,
Shaanxi, Ningxia, Xinjiang
Beijing, Tianjin, Liaoning, Shanghai, Anhui, Fujian, Jiangxi,

2008

Hubei, Hunan, Guangxi, Hainan, Chongqing, Sichuan, Ningxia,
Xinjiang

2009
2010

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Hubei, Hunan, Guangxi,
Hainan, Chongqing, Ningxia

Shandong, Guangdong
Hebei, Shanxi, Inner Mongolia, Jiangsu,
Shandong, Henan, Guangdong
Hebei, Shanxi, Inner Mongolia, Jiangsu,
Zhejiang, Shandong, Henan, Guangdong, Shaanxi
Hebei, Shanxi, Inner Mongolia, Liaoning,
Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
Guangdong, Sichuan, Shaanxi, Xinjiang

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Hubei, Hunan, Guangxi,
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Hebei, Shanxi, Inner Mongolia, Jiangsu,
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Hainan, Chongqing, Ningxia

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
Guangdong, Sichuan, Shaanxi, Xinjiang
Hebei, Shanxi, Inner Mongolia, Liaoning,

2011

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Guangxi, Hainan,
Chongqing, Ningxia

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
Hubei, Hunan, Guangdong, Sichuan, Shaanxi,
Xinjiang
Hebei, Shanxi, Inner Mongolia, Liaoning,

2012

Beijing, Tianjin, Anhui, Fujian, Jiangxi, Guangxi, Hainan,
Chongqing, Ningxia

Shanghai, Jiangsu, Zhejiang, Shandong, Henan,
Hubei, Hunan, Guangdong, Sichuan, Shaanxi,
Xinjiang
Hebei, Shanxi, Inner Mongolia, Liaoning,

2013

Beijing, Tianjin, Anhui, Jiangxi, Guangxi, Hainan, Chongqing,
Ningxia

Shanghai, Jiangsu, Zhejiang, Fujian, Shandong,
Henan, Hubei, Hunan, Guangdong, Sichuan,
Shaanxi, Xinjiang

(2)By analyzing the category changes in each region
for different years, it can be shown that the energy
efficiency of China in recent years and the number of
high energy-efficiency provinces are decreasing these
years. Although the energy consumption per GDP is
decreasing as demonstrated by the national data, the
energy consumption elastic coefficient is in a fluctuation
state, the cost of pollution control and energy loss are
growing year by year. The underlines reasons is that the
energy structure of China with coal as main energy is
unreasonable for a long term, and that the economic
growth relies on the consumption of the resources rather
than on the improvement of technology and management
innovation. The above reasons are the obstacles for
economic sustainable development and improvement of
the energy efficiency. Only by the optimization of the
energy structure, the transformation of the economic
growth mode and keeping high economic growth with
low energy consumption elastic coefficient can the energy
efficiency be greatly improved.

The EM cluster classified the 216 samples into 2
categories, where cluster0 has 118 samples and accounts
for a percent of 55%, whereas cluster1 has 98 samples
and accounts for 45%.
By comparing the clustered data of the same year, the
energy consumption per GDP (F6) and the sulfur dioxide
emission coefficient of the samples in cluster0 are
generally lower than those of the samples in cluster1,
which means high efficient energy utilization with
economic growth, paralleled by low pollution level of the
environment. Thus, samples in cluster0 are classified as
high energy efficient ones while those in cluster1 are
classified as low ones.
As illustrated by Table III, results of EM cluster
algorithm resemble those of the K-means. The number of
provinces with low energy efficiency increases with time,
and most provinces shifted from high efficient ones to
low efficient ones, like Liaoning, Shanghai, Zhejiang,
Hubei, Hunan, Sichuan and Shanxi etc. Those keeping
high energy-efficiency include Beijing, Fujian, Hainan,
Jiangxi etc., whereas Shanxi, Shandong, and Guangdong
were in low energy-efficiency state for a long time.
3)
Analysis Of The Cluster Results
Based on the results of the two algorithms and the
realistic situation of each province, the conclusions can
be drawn:
(1) In the years from 2005 to 2013, Beijing has a high
energy efficiency, and Tianjin, Hainan, Fujian, Jiangxi
were also in a high energy efficiency state; Yet, Hebei,
Henan, Liaoning, Shanxi and Inner Mongolia are in low
energy efficiency state for a long time. The underlying
reason for the horizontal differences can be attributed to
the differences in the economic structure. Those regions
pillared by technology-intensive industry have higher
energy efficiency, whereas those pillared by traditional
manufacturing and processing industry have lower energy
efficiency.
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IV. CONCLUSION
In this paper, data mining algorithm is used to analyze
and evaluate energy efficiency of each province in China.
6 key factors that affect the level of energy efficiency is
determined by feature selection. And models with higher
classification accuracy is established by three categories
of classifiers: J48, JRip and LogitBoost. Then the three
categories of classifiers are used to predict energy
efficiency level of six provinces including Jilin and
Heilongjiang in 2013. Next, in order to eliminate the
influence of labels and human experiences, this paper
distinguishes high efficiency and low efficiency
provinces with K-means and EM clustering method. With
the results of clustering. Energy efficiency variation of
the whole country is summarized. The following
conclusions can be reached:
(1) With feature selection methods, it is available to
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find out the determinants for China's energy efficiency. In
this paper, a variety of multiple factors mentioned in
papers are collected, and six determinants are selected
from eight by information gain method. From the analysis,
information gain is not only able to identify the factors
that affect energy efficiency, but also able to give the
level of impact and their importance.
(2) By establishing classification model for each
province in China, and evaluating the results of three
classification algorithms, we can figure out that
LogitBoost based on multiple classifiers fusion can
further strengthen the weak classifiers, the energy
efficiency classification results is better than decision tree
and rule-based classification method. However, in actual
forecasting conditions, the method based on decision tree
is better than others related to the forecasting of the six
provinces.
(3) Through two kinds of clustering methods, it can
be noticed that there is a horizontal differentiation in all
regions of China. Also, energy efficiency in the same area
has longitudinal changes with time. The unbalanced
development in different areas of energy efficiency is
mainly because of differences in economic structure and
energy technologies between regions. While the level of
energy efficiency in the same province changes with time
is mainly because of the further consumption of
traditional energy sources, as well as the adjustment of
economic structure and development of energy
technologies.
(4) By analyzing energy efficiency category changes
of different provinces with clustering algorithm, it can be
noticed that in recent years, development of overall
China’s energy efficiency is on a downward trend. Since
2005, China's high energy efficiency provinces is
gradually decreasing. The basic reason is China has long
been in an irrational energy structure, coal is the main
energy source, and economic development mainly
depends on the consumption of resources, rather than
relying on technological progress or management
innovation.
To sum up, the develop direction for China's energy
efficiency is focusing on the key factors influencing
energy efficiency, and optimizing the energy structure and
transforming the economic growth mode in a more
scientific and targeted way. Creation of technical
inventions (especially energy technology field) should be
encouraged and supported, to promote technological
innovation in all aspects of energy usage, in order to
achieve the goal of maintaining high economic growth
with smaller energy consumption elasticity. In addition,
on the basis of comprehensive considering energy supply
and demand situation and energy utilization technology. It
is also necessary to optimize energy consumption
structure considering both traditional energy and new
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energy. On one hand, we need to constantly strengthen
the new energy development to increase the proportion
that renewable energy makes up in energy consumption.
On the other hand, we should be committed to the
development and deployment of clean energy
technologies, and improve efficiency of coal, oil, natural
gas and other traditional energy sources.
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