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Abstract

With the acceleration of economic development and the increasing demand for resources, energy
consumption shows a rising trend in recent years. To ensure the stable, sustainable and healthy
development of China’s economy, it is necessary to study on consumption factors and to forecast
energy consumption demand reasonably. As so far, scholars have used simple linear regression,
principal component regression and ridge regression method for analyzing China’s energy con-
sumption factors, but models achieved from these studies may be too lean to find more compre-
hensive energy consumption factors. While according to the related data of domestic energy con-
sumption during 2000-2012, this paper chooses a new method—Lasso method to make regression
model for domestic energy consumption, and then we get the main energy consumption effecting
factors: economic development, demographic factor, industrial structure, technological progress,
energy consumption efficiency and energy price factor, so we can control energy consumption
through these main factors. Additionally, we use stepwise regression and ridge regression to make
regression models, the results got from the Lasso, stepwise regression and ridge regression are
compared, the study shows the Lasso method is better than the other methods in terms of variable
selection, because it could find more comprehensive energy consumption factors; for predictions
of 2013 and 2014, Lasso method is more accurate than the other two methods.
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Table 1. Index selection
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Table 2. 2000~2012 Annual data

5% 2. 2000~2012 F 4 5 #iR

Fy y X X, X X X X X
2000 146964 99214.55 126743 45.92 32917.70 3.62 69.04 115.40
2001 155547 109655.17 127627 45.15 32917.70 3.72 69.34 100.20
2012 402138 519470.10 135404 45.27 374694.74 3.81 72.43 100.87
Table 3. The value of the Lasso variable selection path and the value of various criteria statistics
2 3. Lasso )M T8 AFRES ZFHEN ST E/E
Step Effect Entered Effect Remove Number Effects In AIC CcP CV PRESS  Adjusted R-Square
1 X, 1 —27.4364 138.5306 0.1522 0.9615
2 X, 2 —31.5218 84.6340 0.1902 0.9737
3 Xs 3 —35.2172 53.418 0.2318 0.9814
4 X, 4 —54.0105 7.2045 0.0688 0.9958
5 X, 5 —54.9145 6.7612 0.0671 0.9962
6 X, 6 —57.5736 5.8211 0.0581" 0.9970
7 X5 5 —56.9202 7.1499 0.1168 0.9968
8 X, 6 -59.1724"  5.0318" 0.0791 0.9973"
9 X, 7 —57.2411 7.0000 0.1168 0.9969
Parameter Standard
Variance DF Estimate Error t Value Pr> |t] Inflation
x1 1 0.43797 0.35252 1.24 0.2604 523.39763
X2 1 0.53935 0.12084 4.46 0.0043 61.50596
x3 1 0.15779 0.03287 4.80 0.0030 4.55186
x4 1 -0.05611 -0.31626 -0.18 0.8650 421.25918
x5 1 -0.02067 -0.02928 -0.71 0.5067 3.61039
X6 1 0.05009 0.05865 0.85 0.4258 14.48562
X7 1 -0.04526 -0.02848 -1.59 0.1630 3.41508

Figure 1. Multicollinearity diagnosis
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Figure 2. Lasso Regression path graph
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Table 4. Standardized parameter estimation
= 4. FERES G

ey AmNE U4 [ Lasso
B 0 0.434 0.377
B, 0.666 0.474 0.548
B, 0.139 0.166 0.159
B, 0.300 0 0
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B, 0 0 0.044
B, 0 -0.039 -0.042
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H, AT IZ G [B] A (8] =008 i RER 2 5200 R 210X — il R 3 ar (e AR, IR Lasso
THEBATAS B A 25 5 AR REVSH B 52 0 A 3R s F AT RG B TR 2EAT 1 b AR BRI 9 i R R
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Table 5. Comparison of the results of Lasso regression, ridge regression and stepwise regression
2 5. Lasso @13, 4EYT, FEEYIFGMEERAYELE

A E| U =15 Lasso [a] )4
ﬁzﬁj\ ﬁi1ﬁ N N N . N N N . N v N .
THME AHXT 1% 22 24 (%) TR AHX 1R 22 5 (%) THRIE AT 5% 2 3 (%)
2013 & 416913 414388.1 0.61 396876.4 481 417373.6 0.11
2014 £ 426000 430279.4 1.00 407748.6 4.28 428044.4 0.48

ML 58 P B REAE AL, T Lasso JrikBEA 2AR0Z 0 (B VA ASHE Y LA S b aid B2 F) 1) L, mT Bl
G AR SR L PR A R KT B, BRI R N SRR SR VA SRR R, Sl
FrE b S e ATt o 1 52 m e [ REURE SR AR 3 o AETRNRE FE DT 1, SRATTADIX = A7 2
(KA 2013 4F [ 2014 4RI BEIH 2 BB 7 0, OF 5 S SHAEEEAT B, S5 RR W] Lasso J5ik
AR TIINARS B2 EE FLAR Y A T iR A B v o BT DAAE 4> i AC B | AR B S 4 2 WL B8l 5 1 Il LS, AN 25 78
KN Lasso J7i%, ATRETS BRI RBOREAR T LEHAt 5 7% .

E&mE
HEA R 22 (B RO AR A R S Ber s TR G H . TiH %5 21G15043.
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