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Abstract

This study conducts a stock price prediction analysis based on the Elastic Net regression model. Us-
ing data from 738 trading days of a domestic brewery, the study selects opening price, highest price,
lowest price, trading volume, and price change percentage as independent variables, with the closing
price as the dependent variable. Four models are applied for prediction analysis: linear regression,
ridge regression, Lasso regression, and Elastic Net regression. The results show that the Elastic Net
regression model has significant advantages in handling multicollinearity issues and variable selec-
tion. The optimal penalty parameters are determined through cross-validation, minimizing the
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prediction error. Ultimately, the highest price, lowest price, trading volume, and price change per-
centage are identified as the key factors influencing stock closing prices. This research provides an
effective method and tool for stock price prediction and offers important insights for financial mar-
ket investment decisions.
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Figure 1. Histogram analysis of opening price, closing price, highest price, lowest price, in-
crease or decrease, and margin purchase amount
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Figure 2. Histogram analysis of margin lending balance, trading volume, margin lending repayment
volume, and margin lending balance
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Figure 3. Box chart analysis of opening price, highest price, lowest price, margin balance, and
margin repayment
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Figure 4. Box chart analysis of opening price, highest price, lowest price, margin balance, and

margin repayment
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Figure 5. Establishment of correlation analysis model after data standardization
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Figure 6. Cross validation results of Ridge regression

6. Ridge [E1V3HY3Z I IELE RE

WL 6, R x HhiZR Ridge AT A4 I (log (1)) » 177 x BT FR A 2 {H SR
(AR 0 REUMASEANEL, IXEEHCTRNAE R AR A E T EAR B T AR R RN 0 AR R
f %, AR A KK REEN OYIRLE 17, HZ&R MSE i, SN G RoREa et T

DOI: 10.12677/ecl.2024.1341771 5369 N e


https://doi.org/10.12677/ecl.2024.1341771

ﬂim’

s

AR R, AN A XL MSE B, BB (RZE L) RN B AL REAT S X RE i, A A X
Nif) MSE {8, AIAE&FRRN TN FEREE N A {E(lambda.min), 4710 RRIFNFEFRTERAEE 1 s
ERTE BRI 2 fH (lambda. 1se) .

I 10 7 88 NIRRT 0S4, 52018 6, BE 2 AR, BALRZEMAZHER, £E-
HORT LR B 2 /NP I 4, d I RS 2] A, =0.1005 .

5.3. Lasso [@]J3
Bt X [ ) FR A AR BB IR @, Tibshirani 75 1996 4E4¢ H Lasso [A1JH, Lasso fifi i€ SN[ 14]:

2
ﬂ'\Lasso — arg;nin {Z(yl _IBO —Zx,-jﬂjj +/12|ﬂl|} (8)

5 IEIEEI’LWHﬁIMZﬁ HILL, Lasso 9B F1 A3 |3, | BEREHAR O TN B R B, 4 0

Vi, S LB A 0 6 TS || K O ). mliﬁﬁﬁ?ﬂ}lﬂ K, /12|,B|

XA RH B, TR E ), KL Lasso REE tH BEREMAIARL . IXERF Lasso E]ETU\ H sk %
HEORAE, HERRIE A IS BN B ZARFAE, AT TR, R R R T AR 1

Lasso [F1)95 LS [/JA4H L AR AORFRAR 7 70N 5 22, 163 7 RPN Rk #E R H N, (E el
—RERRRE. B

(D £ Lasso BIHRMHALT, T nx p FBIHEERERYE, B2 HE8EH min{n, p} MR, 2 p>n
O, e R REIE I n AT &

@ MTBER 2> p T, W RTNAE PAELERGRIOILLIE, Lasso IOTINR I Z 15 T UL A

i 10 58 NIE BRI ST H, WA 7, B 2 AR, BORLRZEEZHAZ R, (e
A AR BR Z /NN A, B TR B A, =0.004151, FF H AL 4 AN EEFFEARE, 55

AN (X)) BN (X)) ZHE(X,) BRERIE( XS ).

4 4 3 3 3 3 3 3 3 3 3 2 2 2 2 2 2 2 2 1

o |
— [ ]
S @ ?
w oS |
o [ ]
o © |
5 o :
a < _ =
s © -
[ ]
(] o ®
= S
: : o0®
8 — 6ooooooooooéoo00ooooaoooooooooooooooooOO‘°...
| T T T T |
-5 -4 -3 -2 -1 0
Log(%)

Figure 7. Cross-validation results of Lasso regression
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Figure 8. Cross-validation results of elastic net regression
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Table 3. Variable screening and regression coefficients of each model
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Table 4. Comparison of prediction accuracy of each model
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