Statistics and Application Ziit22 5N, 2021, 10(2), 278-283 Hans )0
Published Online April 2021 in Hans. http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2021.102027

T KR GE AN BUHBox-CoxTE#

%

IR E S, =~ B
Email: 1435227867 @qqg.com

Weks H . 20214F3H31H:; F#HEM: 20214F4H15H; KA HM: 20214F4H26H

=

ETBRMRES 2 M EAE K — MK RG R, A30R H—MEuEBox-CoxZ#it—5i i Box-CoxZ #t,
FHHTHELSE, ERERER, SEGHBox-CoxZMAM L, HBBox-CoxZRHAE AT EMRA
TR 5 15 S Box-Cox R # AL B R AH R O 2R b, FLALE GRS 204 B MR BN TR
Box-CoxA2#t. FHHTHRIIEIER LI, KISRRY, L4515 Box-CoxBe# i EE =R 3 K [ IR
KIS AT BORA Fri s, BRI T A A5 4 Box-Cox 2 ¥ 5 K%L -

XA
Box-CoxZ2#t, KPHEBIELL, HMALURME L

Improved Box Cox Transform Based on
Horizontal Mirror Algorithm

Hong Chen

School of Mathematics, Yunnan Normal University, Kunming Yunnan
Email: 1435227867 @qq.com

Received: Mar. 31%, 2021; accepted: Apr. 15", 2021; published: Apr. 26", 2021

Abstract

Based on a horizontal mirror algorithm for data with negative skew distribution, this paper pro-
poses an improved Box-Cox transform: mirror Box-Cox transform, and carries out numerical ex-
periments. The experimental results show that, compared with the traditional Box-Cox transform,
mirror Box-Cox transform can process negative skewness on the basis of the same effect as the
traditional Box-Cox transform. The effect of distributed data is better than that of traditional
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Box-Cox transform. Then the simulated regression model experiment is carried out. The experi-
mental results show that the fitting and prediction effect of the regression model established by
the mirror Box-Cox transformation data is improved, and the effect is better than the data after
using the traditional Box-Cox transformation.
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Figure 1. The histogram and P-P plot of three type data
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Table 2. Data normality test results and optimal parameters (1)
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Table 3. Data normality test results and model fitting effect evaluation
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