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Abstract

Taking the per capita years of schooling in 31 provinces from 2015 to 2019 as the research object,
10 influencing factors were selected from five aspects: population, policy, economy, scientific and
technological level, and service supply. Firstly, elastic net was used to select and compress the
factors affecting education level, and Ridge regression model and Lasso regression model were
selected as comparison. Finally, more appropriate variables are obtained for parameter estima-
tion, and finally the accuracy of the model is predicted. The final analysis results of influencing
factors are obtained.
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Figure 1. Conceptual model

B 1. #aRE

FENDTIIE, HEKTREZEIS R NS ZAFER £ RS0 F ANORRF, J Ll os
SREE P E M B AR S5 BRI AR IP A S R A AR, R B AR T 3E
M AEMTBEEEE . Bt IEE PRI, B T 5 L U 8 IR, R 38 T

DOI: 10.12677/5a.2023.122041 382 Gt 5 3


https://doi.org/10.12677/sa.2023.122041
http://creativecommons.org/licenses/by/4.0/

EE

W2 RN . I8 2 BEAS IS MK ROARE AR E R, SR MRS KR AR . —
RYNZE S i AR SE WA T HE BN, AR H 0 W INSGE 5 H AT ol 6 808 BRI
o PRIMTABAT —E oL R, T AR RIS 2 5 RS AN TBET R, MARN N 1 REE L
7 M E R R FEINKEE I AN B ARG KA R RESE R E B KT AR AL . T L 5 ) B
ERIEFAREEE T HE KPR EE A TR T HE AR, W HE AR AT E R T

FELEGE 5T, FEAE SO B HEBEAT & RSN I 3 5 v, — 7 A AE AR 2 B S AR B AEAT
755K 2 G EBA T HINRBIN 34— 5 T R A SN 225 2 ) 2R i T RO A L=

FEERIT M, [ S AGAAEHEAT RHEOS EA A SR E MGG . S . My B, LRBAL
RBE N FEEZ KRBT, B BT AT BN R 4 (7 [ A2 SR TR SRAS B 7 OF
BOA IR, WA SR B 5 o

FERBOKTIT T, BB A KPR mAEAE R WA et 1. BEE R AWK e, A P
REAE A BRSNS b e s BoRob 22, AT X B AR -

FEAR S5 BREs T T, AR G AN L B B 88 s 45 7T LA I 9232 S8 2 AT #R iR
R AN G, %A1 DX BSORF A X0 0 7 T RO DA B s At 2 A s SO TR AL, 15927
RGN 73 BN ey B PREE . MR O TR A 48T, E R L RABITEB B T R R . X TEE
B FRA MR

LR LRIk, WAE—ANT5 T AT BEERAEAE AR B AR AR, R 7R B E AT T

3. 1R

MELEESAT AL, e EHEAFRERIEL, mHEAKEIRZ T, B Rk fa
T FIVRE Aff A2 B L 1Y), AR5 IX 4 A GHUE [E1UH L Lasso DA 4 I 28 1) A8 8 1 438 7 VR 0T P 45 B4R A B PR AR 35
3.1. IR[EY3

AR R RN P =0X, +-+ 6,8, +¢&" .

U 1] U e ] £ TE A 2] H%Q%ﬂ:cr%jgidéf FR) IE DU A TR o 81 B AR R B o A A 2 ) RV
AMER G EAE, T HISRBAAEIR AT RN S o BB ERE A AT IE A RRE o W& 18] U F8) R A R 2L :

J(H):MSE(0)+a%Zn:0f :
i1

W [TV ) b A A R AR E () 1A R e AR AR A AT B AR B ARALL) B b, T RATT B
58 FH 0 5] SR AT AL BRI 4

ZAE: 1) BIBR REARE (A AAXHMAMR/ N . RIS [V A B ) 2 bR AE A B, LA ] 2R 2 2
EAR/NATE AR 2) AFR R ECANRE TE T AE AR . RIS T 0 OANERE R %K. 3) AIRR— ez
NREARERAZ R RN p MR EHTE .

CLERRHEAT — 0 g R P AR R SR A B, AR T 2.
3.2. Lasso [EY3

Lasso [EIVSA 21 1A 53 4h—FhE WAL, 4 o X i SO R L7 [A3]. HAVT 2 FIBE R
A AERHE PR B E BT 7 i dee D e, JEIEAE OLS Jrikflivh 45 21 R EUR4E0N 0, AT LI
A RHEL4].

FRABEC: J(0)=MSE(0)+a). |6, JEHHR B E R 1 A

DOI: 10.12677/5a.2023.122041 383 Gt 5 3


https://doi.org/10.12677/sa.2023.122041

Lasso [8] )5 — > 5 Z4F i B 0 T 58 20 B i AS B B RRE AU . Lasso [0 A5 1% 48 511
R, I HABEERES: S/ANMEEAEES]. DAk B R E0leds s Bk 8 H 1.

JEBR: 1) ST SN T REARE, &2 REGRFAEREANTE; 2) G —HZEFHHIEL
PEAR T, W) R RERECH —Ay, 3) SUREACEOR T RN AR BN, anRARE Y (Al A OS, W Lasso [
WA FFATE6]

3.3. RS

SR R 25 A TR [B] U3 Lasso [BE B A Ry, 204 [ FD Lasso [B1UAH) IE WAL (6 5 IR & o A BB
H7]:

J(H):MSE(0)+yaZn:|H|+al_TyZn:a9f

X6 T R £ By, I B I AR A s X 4% D R R AR A I RAL T Lasso 7RI, HAEFI Lars
AT B IR 8 R T o SR X% [ JRIFE [ Bhide 3540 B RN RE SE BB 40 4, H BRI
FEH RN, TEE ) LS Lasso J51£[8].

4. SSIESHR
4.1. TEIEIT

AE SR E KRR E, % 0k E N ESLbRER, MAE. Bk, BHEUKE. iRk

SAitdy . ZVF RN EETET 1T E . 05 1 TR

Table 1. Influence factor
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Table 2. Sample
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FEA FEAZL
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5.1. Z&4EE!T

PRI P 2 fiy B2 1k [ VA 65 L, 74 LA TN AR B 1) A 56 1) p BB K- BE A NS 2.3 . 43734 : NNBL,
KJSP, RIJYXFZB, SSB, ZZJSS. @il iH5 & A48 & 1A ¢ R EGE FERHMIEE O & 5 2 K B 1(VIF),

N 3.

Dep. Variable: PINX  R-squared: 0.723
Model: OLS  Adj. R-squared: 0.702
Method: Least Squares  F-statistic: 33.91
Date: Tue, 15 Dec 2020 Prob (F-statistic): 1.68e-34
Time: 11:57:53  Log-Likelihood: -139.69
No. Observations: 155 AIC: 303.4
Df Residuals: 143  BIC: 339.9
Df Model: 11
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
constant 4.1805 1.815 2.304 0.023 0.594 7.767
NNBL 0.0131 0.015 0.897 0.371 -0.016 0.042
RKZZL -0.0946 0.023 -4.035 0.000 -0.141 -0.048
CXBL 0.4018 0.101 3.989 0.000 0.203 0.601
GJzC -4.033e-08 1.81e-08 -2.223 0.028 -7.62e-08 -4.47e-09
KJISP -0.0044 0.003 -1.555 0.122 -0.010 0.001
RIKZPSR 3.769e-05 1.55e-05 2.438 0.016 7.13e-06 6.82e-05
RJIJYXFZB 0.0027 0.012 0.234 0.816 -0.020 0.026
SSB 0.0552 0.047 1.170 0.244 -0.038 0.148
XXS 0.1435 0.065 2.201 0.029 0.015 0.272
JIXZL 0.0293 0.009 3.394 0.001 0.012 0.046
Z273SS 0.0698 0.056 1.244 0.215 -0.041 0.181
Omnibus: 23.097 Durbin-Watson: 1.576
Prob(Omnibus): 0.000 Jarque-Bera (JB): 36.933
Skew: -0.763  Prob(JB): 9.55e-09
Kurtosis: 4.840  Cond. No. 5.36e+08

Figure 2. Results of linear regression
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Figure 3. The first and second ridge regression
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Figure 4. The third and fourth ridge regression
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Table 4. Results of ridge regression variable filtering
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Bl Constant RKZZL CXBL GJZC RJKZPSR XXS JIXZL

RH 0.022 —-0.203 0.545 —0.166 0.311 0.158 0.247
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Figure 5. Regression coefficient selection of Lasso
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Table 5. Results of Lasso regression
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A H Constant RKZZL CXBL KIJSP RJKZPSR JIXZL

EY 0.022 -0.203 0.545 -0.166 0.311 0.158
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Figure 6. Elastic network filtering
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Table 6. Elastic network final choice
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Table 7. Evaluation criterion

=7 FNIRE

FEA it RMSE H MAE H4 MAPE 4
VTS 0.508 1 0.377 3 4.325 3
xS Lasso [=]5 0.540 2 0.369 2 3.431 1
M D 255 0.543 3 0.367 1 3.814 2
U 5] U 0.621 1 0.440 2 1.238 3
A Lasso [A]4 0.686 3 0.442 3 1.024 1
FAPER 2% 0.633 2 0.432 1 1.077 2

WRAE A EVFIARAERT LR B, R =P AR AR T, 5P R 28 AR 40 B 48 SR It R AR X A
U FOCRIIRARERY, fiz)5 /2 Lasso f7[10].
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