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Abstract

The paper uses German retail sales data, after observing the characteristics of the data, carries out
data preprocessing, and establishes feature engineering; by combining cluster analysis with XGBoost
model, a hybrid prediction model is established to model and forecast German retail sales data.
Firstly, the model selects the optimal cluster number after dimensionality reduction of feature set,
then performs XGBoost model training for different categories after cluster analysis, and finally
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obtains prediction results through weighted summation. The studies show that the hybrid model
improves the prediction accuracy and generalization ability compared with other models.
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Table 1. Characteristics of training set and test set

=1 INgRE. MRS

RFAE 44 7R EP (=l
Store o i 5 HfE, . 151115
Day of Week AL HiE, VoR: 137
Date i ] YY/MM/DD
Sales B HE
Customers Jeii % HE
Open T IHIE 0: XJE, 1. JFi
Promo BRERA N 0: TGiRfH, 1. {24
State Holiday &H 0: M H, a: ALMH, b: HiET, ¢ KT
School Holiday FRARH 0: dMH, 1. f&H

Table 2. Data characteristics of store information

2. EIE{E B EIRRHE

RHIE 4 Bk £ {1
Store T Bl sy, Vel 131115
Store Type 7 ) 2 432%: a. b, c. d Uk
Assortment TG e 2 531) 33K a AR, b AMRE. c RS
Competition Distance T ) T4 X F IR Bl Bfre oK
Competition Open Since [Month/Year] iz 354+ J5 TRk (6 3 43 AN4E 4 1~12 A
Promo2 HEEAREH 0: 7, 1: JELLLH
Promo Since [Year/Week] FFURTESLARAE A A E 7 A 2013, 2014, 2015 H )4
Promo Interval HELL (BT A Now e . St D

3.2. HETHE

JR G 0 B TR AR T Gt R AN YIS BRI, 06 20U HE A R SR A M R A B A TR AE T AR
e

BAARRSZOLERE N F Date H #5431, #54/y Year. Month. Day. Week of Year; Z#A M
BB = 2 ot 5 i G PATERF PR 5090 R i e 2 ML A B AU O I 8d s DR Sales BB R K, TEEE I
G R 2 AR 2 A R R, FrLAXT Sales #EATHUOW b2, RHiiE—AN Saleslog $#1iF; Store

DOI: 10.12677/5a.2022.112043 405 G2 55 F


https://doi.org/10.12677/sa.2022.112043

B S

JEAS S B4 5 FLI 1) Competition Distance 5 4+ R 85 1) 7% {H F i AL £ 78« Store B 515 BAHE 52 L)
BH 0 RIEF, & IFRIES BEIEEMYIZEE; State Holiday $¥HEMEMEA 0. a. b. ¢, A a. b. ¢
TERENTAS R I AN o] LU A, BT a by ¢ s gafis, [FI Store Type $FAFFIHUHE av by ¢ d F
Assortment FFEIEUE av b ¢ fi—FERI4LFE; Promo Interval #FERIHUEA =F, & X promo (E%0),
FIWTRAH B AT WA M ISECRI SRR AN, BWERS IEEHT.

4, RBVESNT
R [ T A DA R S AR, 0 1

s . 1, y: w *;ggﬂ”g/l\ w, *%ﬂg\_‘LiiE U

il 2 FE | s |2, K T S FUT
’55(%3& tilnifﬂl L= %.:. J||z§¢y}g}5 - fgﬂg IR o f‘ﬂjﬁs M AR FER A
pLeES EES Liz L] e}

Figure 1. Basic process of model building
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Figure 2. Sales forecast results of XGBoost model
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Figure 3. Significance score of features
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Table 3. Principal component contribution rate and cumulative contribution rate of all principal components
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Figure 4. Prediction effect of mixed model
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Table 4. Evaluation indexes of accuracy of different models
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