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Abstract

This study systematically evaluates the differences in applicability between traditional statistical
methods and modern ensemble learning and deep learning techniques for retail sales forecasting,
providing empirical evidence to support model selection. Using the M5 (Walmart daily sales) dataset,
we compare the performance of four model families—SARIMA, Prophet, N-BEATS, and XGBoost—
on store-level and SKU-level forecasting tasks under a unified framework of data splitting, rolling
backtesting, and Bayesian optimization. For the store-level task, aggregated sales of the CA_1 store
are used as the forecasting target, and model performance is evaluated over 7-day, 14-day, and 28-
day horizons using mean absolute error (MAE), root mean squared error (RMSE), and mean abso-
lute percentage error (MAPE). For the SKU-level task, 150 SKUs are randomly sampled from the
CA_1 store and stratified into high-, medium-, and low-sales groups based on historical sales tertiles;
under a 28-day forecasting horizon, three rolling backtests are conducted and a comprehensive
evaluation is performed using MAE, RMSE, and root mean squared scaled error (RMSSE). In addition,
feature ablation is employed to examine the role of exogenous variables. The results indicate that
XGBoost achieves the best or near-best performance in both tasks: in the store-level 28-day fore-
casting, MAPE is as low as 4.47%; at the SKU level, the average RMSSE is 0.933 + 0.288, and in the
low-sales, highly sparse group, RMSSE is 1.178 % 0.332, representing an improvement of approxi-
mately 12.6% compared with N-BEATS. Model performance differs markedly across methods:
SARIMA is relatively stable in scenarios with strong weekly seasonality; N-BEATS is competitive on
high-sales, low-sparsity series, but is sensitive to sparsity; Prophet is insufficient in characterizing
local abrupt changes. Feature ablation shows that price and calendar features yield particularly sig-
nificant improvements for forecasting sparse SKUs. Overall, this study quantifies the impact of fore-
casting horizon and sparsity on model performance, verifies the robustness of XGBoost in retail de-
mand forecasting, and provides a more scientifically grounded basis for model selection and fore-
casting optimization in the retail domain.
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K5 K H M5 Forecasting #0454 (Walmart 24 HE5 &), f& 3 MH(CATX/WI)EE 10 ZK[7)E. 3049
AN SKU 1 H 85 &7 51 LR R H P15 B 5 0 e % A5 B A ORIESEE: — 350, RATLATTIE CA_L A%
ORFFRT G, TR RTINS

(1) JEERZR TN &4 SKU 5, G HdE N H e{7,14,28} . (2) SKU ZFilll: )\ CA_17]
JEREHLME 150 4 SKU (% 7 FOODS/HOUSEHOLD/HOBBIES), {U{EH =28 F#HTZH MM, HiaH
SR =069 A High/Medium/Low =41(54 50 4N).

i G fE B EE 5 2 0 T 55, ARSCR B BT 15y . WAFHIKERNT o SRR E,
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N T RAESESS (AR IR ST R AR, AR SO AR JE W 15 TS (CA_L) AR A%
OWFFEN R AT FUEN R R A B AR R, M T P RRHIE R4

(1) A H Ji%FE(Calendar Features)

TR B AT BRI A L, SO H B B3R IO gt 1 LU T RRIE: Bl (A AR AE, B35 4F 07
A B B FERFRR, i w4 g A kAL & DU B8 AR NP e RO s SRR R SRR, X1 {1 i
1757 K4mtdh, FETINM AT, DLZIE 5 27 KO 5 280 i S s e

(2) M &HEAE (Price Features)

Wk 2 S e 4 B R BURR IR 1, AT T ARSI A RRAE, DA BCSRTAAS 5 P s 3 i) 22 5

%25 (Current_Price — Average_Price)/Average_Price , 1Z/RHIEREA RUHFLIL A T 4T (FUfE) X4
RIARLE MR AE
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SARIMA

SARIMA 3E FI B A5 B3 FIZE 45 ML (0 S8 B 91 1% MS B 4 o 38 00 J) 7 R A st (s = 7).
iy SARIMA(p,d,q)(P,D,Q), - XHFHI y, Ui %4y 5215 %45
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FEA T . Y By 22 A Stack ZHA, FEAS Stack 245 T Block. %28 | 4~ Block:
(1) FFMiE4As(Feature Encoding). i A& IR & 1) P sSe 4 x, (WI4RA Sales, ). Id 4 2 40%EHE
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fili o T THTRE J 7R DU AN A5 2R 7 A [R] BRF 0] 325 B ) 00 il 4 6] B o P R AR €8 X3 7 sk R i, i Ak € 9]
SO O, BERRARILHE, BOSERRBBTIE. ¥ 1-3 SRR 7 SBAE 7
R 14 K J% 28 R FF B FUM 230 -

1~3 SR, 714 RE DPE R BAEEE RS, 28 KE HHEETEERE . Mk - XGBoost 7&
R FE R AR 2 B AR, AR B S R RS 2 M SARIMA £ 28 K75 T £HEE LT N-BEATS:
Prophet P58 18 15 %o WA 221 1 i 55 o AX SCIBTE 3 T DY AR ZE YN 2R B2 rp B VRAG FE R, 25 SR a6 1 TR

ZEA AT M5 BiE S BRI G (7 K. 14 K. 28 K) LA E S K, XGBoost 5t X fiff
JERHIE R B ROR A SR A 2R R 3 () R R 5 K A AR A R R 1 R AR IR, AR & TP K
HHSEUAS T X BRI MAPE (4.47%~6.12%), RER M BEVEA IR SE50 5 BLAR 4 . BEAE T & A 7 Ry
Je % 28 X, BHEFFAE A CAAS KN 5 55 Sy 20 1 ) AR R FE R Mo 3, 5 MR ) B A8 82 0, S R
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Model Comparison: CA_1 Sales Forecast (7-Day Horizon)
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Figure 1. Comparison of predicted vs. actual results for each model in the 7-day forecast window
B 1.7 RFUNE O S EBFUNLE R S Sohres R ELE
Model Comparison: CA_1 Sales Forecast (14-Day Horizon)
7000
6500
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Models
5500 History
—e— Actual
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—— XGBoost
4500 —— N-BEATS
4000
3500

03/01 03/08 03/15 03/22 04/01 04/08

Figure 2. Comparison of predicted vs. actual results for each model in the 14-day forecast window
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Figure 3. Comparison of predicted vs. actual results for each model in the 28-day forecast window
[& 3. 28 RFUME O SRBFUNLE R SRR E
Table 1. Summary of model evaluation indicators
= 1. BETHIEFOL R R
W& A PR SARIMA Prophet N-BEATS XGBOOST
MAE 404.41 459.41 348.14 299.69
7-Day RMSE 507.16 540.45 413.51 374.21
MAPE (%) 8.18 9.26 7.39 6.12
MAE 388.04 455.9 325.85 251.74
14-Day RMSE 464.53 517.85 374.44 311.01
MAPE (%) 7.85 9.25 7.09 5.15
MAE 271.77 332.77 306.79 210.41
28-Day RMSE 359.03 412.78 383.07 264.14
MAPE (%) 5.61 6.85 6.42 4.47

WOLHIRZ 22 IR . AHEEZ R, Prophet f1 T+ VIR BT R IS5 MI WA, B0 220 i 5 O SO B¢ 3 5

RAR, A2 %I RS 2 R IR AN B AR

3.2. SKU o= Tl

Nk B IRAE R TR AN S 3 50 R IE R, AR CA_L JEHEY 3000 A2~ SKU HB#HLIdEL 150 4
FEAR, R E/KF BRI SKU U8 & Tl 258, = a /A BUE A RIRG g B A T rtERe = 5. 1X
150 4> SKU 78 # 15 = K #h 2% FOODS. HOUSEHOLD. HOBBIES. #:T &4, #HT=0002, 2
4 High. Medium. Low =4, #4150 1> SKU. #4111 SKU Fisii 5 a4 2 firs .

B 2 AT, M High 2] Low 4, “F¥HAE R T #%(26.8—~1.1), F4E L 2E FFH(14.8%—
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79.6%), “FHIFRIAIFG M 1.18 RIEK 2 5.89 K. Low 415 51 78 () Btk 75 SRAFIE (R B 2 + 1Kk 1%
fH), XXSHERAL IR TR S5 2L R RE P T S K .

Table 2. Comparison of the sparsity indicators of the three sets of sales data
2. ZRHERIERREEIRITLL

HEA SKU # & P HHEE THELHK R RN
High 50 26.8 14.8% 1.18
Medium 50 9.2 42.5% 2.14
Low 50 11 79.6% 5.89

JERR RS G B> B ECIEMAIRZE, Wl MAPE y3E; 1 SKU L EH 2 MAPE A faE, K
FH R A2 ) RMSSE F4# LA MAE/RMSE,  [R]B A48 il 1 55 R AR - 3 YR 3 [ (R R i K K 28 K IF:
B 28 RIIEAHTRAFSHEZ), ®&MRE = RERNBME £ REZ. RMSSE K scale HillZ4E I

%le(yt ) R SRR T R 3 B

Table 3. Average performance statistics table of each sales group for 3 consecutive rolling tests

% 3. BIWEE 3 REN T REG IR

HEA & MAE RMSE RMSSE

XGBoost 184+21 28.7+3.4 0.758 +0.104
_ N-BEATS 19.8+26 309+4.1 0.792 +0.108
Fioh Prophet 226+3.0 352 +4.7 0.908 +0.132
SARIMA 23.8+3.3 37.1+50 0.955 +0.140
XGBoost 6.8+1.4 11.2+23 0.862 +0.162
N-BEATS 74+17 126+2.8 0.918 +0.178

Medium
Prophet 8.9+20 15.1+£35 1.142 £0.212
SARIMA 94422 16.3+3.9 1.208 +0.228
XGBoost 0.92 +0.31 21+07 1.178 +0.332
N-BEATS 1.12+0.41 2.6+0.9 1.348 +0.368
How Prophet 1.38 +0.48 33+11 1.712 +0.418
SARIMA 1.48 +0.52 36+12 1.865 + 0.445
XGBoost 87+15 140+ 2.4 0.933 +0.288
N-BEATS 95+18 15.4+2.9 1.019 +0.312

Average
Prophet 11.0+23 17.9+38 1.254 +0.378
SARIMA 11.6+25 19.0+4.1 1.343 +0.402

% 31 3 KRB EIMLE REI R, B SKU #5& M High [£% Low, PUZREERIE) MAE. RMSE 5
RMSSE #44k FFb, R BIRBINK 5 [R]85 50 535 2 T T HE

High 4(H¥ 26.8. F 5t 14.8%)/7 5 HIELL M, XGBoost 3K {k RMSSE (0.758 + 0.104), N-
BEATS (0.792 + 0.108) Xt 5, Prophet (0.908 +0.132)5 SARIMA (0.955 + 0.140)fH% 7% J5; Medium 41
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(H¥%19.2. F /&L 42.5%) Mg e I, A AunfEl, XGBoost 1/5#%1(0.862 £ 0.162), N-BEATS (0.918
+ 0.178) 54 i1 457 (Prophet 1.142 + 0.212. SARIMA 1.208 + 0.228) = #ifi k; 7£ Low 4A(H# 1.1, F 5
Eb 79.6%. 7 3KIAIRE 5.89 K)fEE A&7 5 T, XGBoost (1.178 +0.332)#; N-BEATS (1.348 +0.368) % T4
12.6%, FF KIE45% Prophet (1.712 + 0.418) 5 SARIMA (1.865 + 0.445), {RIIM AL/ LB KB 5
BNERAEAS BN (&R, TR GG TR Z B MV B PR ], MELUERS “KF + IBE” BE. =4H
IR, XGBoost L RMSSE (0.933 £0.288)#F 44 55—, N-BEATS (1.019+0.312)% —, Prophet (1.254
+0.378)5 SARIMA (1.343+0.402)ftiJ5 . 4518: 7F SKU R HAMH Kz 5, BT 712 8 Fa
SEMER . BEJEASGELIER T High 5 Low 4 HEAT 1 RFIETH Bk BTN 18] H JIRRIE S5 M RFAE A S22 E, 25
R 4 Fios.

Table 4. Ablation experiments on price and calendar features
= 4. MRFHESATIE) B A¥HEHR S5

HEH i %i BB MAE RMSE  RMSSE X ssBA4GMER L% (RMSSE)
XGBoost SERERFAE 18.4 28.7 0.758
XGBoost T MR- 20.2 31.6 0.832 (+9.8%)
XGBoost 7 H JiHiE 19.5 30.4 0.802 (+5.8%)
_ XGBoost AR 21.3 33.2 0.878 (+15.8%)
Figh N-BEATS SERRHIE 19.8 30.9 0.792
N-BEATS T MERFAE 21.1 32.9 0.845 (+6.7%)
N-BEATS 7t H JIHHE 20.5 32.0 0.822 (+3.8%)
N-BEATS DE S 216 337 0.868 (+9.6%)
XGBoost SEAERHIE 0.92 2.1 1.178
XGBoost T MR- 1.26 2.9 1.512 (+28.4%)
XGBoost 76 H JIFHIE 1.08 25 1.342 (+13.9%)
XGBoost AR 1.48 34 1.712 (+45.3%)
Low N-BEATS SERRHIE 1.12 2.6 1.348
N-BEATS T MERFAE 1.24 2.9 1.492 (+10.7%)
N-BEATS J& H ik 1.18 2.8 1.412 (+4.7%)
N-BEATS DE S 1.29 3.1 1.548 (+14.8%)

T RSO0 R W AN ERRIE T SKU e TRINRS B ok 525, HL7E A EME B Low 4I/E Bk B
FAS4E S, XGBoost 7 Low #1 RMSSE %1k 28.4% (High £H1Y 9.8%), Ui WAMRASE SKU 75 SR IG(H B 1K
BRI IRZN: LR H DIRHERI SR, AARIUE AR R H G T3 R 22 AR . 7R R
BB FAR, PISEEATE Low 4B 1k W i (XGBoost-45.3%, N-BEATS-14.8%), ™ &ty it N
TARERIRANA FEAA L BB . 7E 28 RIS, BALRDUBER &= ~ i 704k: High 4551507
4, N-BEATS 5 XGBoost Z fi# /) Medium A 65E _F T+, XGBoost LA 4HY K; Low HmE=E
TN 5 18 A e S 2 BF, XGBoost B e R 7 2L AR R 2 I (R 4128 B I3 iR 22, 0 A0 T LA ARY .
Prophet. SARIMA 540 i AUTE Low 4 52FR, FEER LM A LUERD “KF + (E” HREs:
R A
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3.3. REZF JEIEEHREM SKU HFUNRIAHE—5 1L

Aszierh, BLN-BEATS AR (TR 3 5] BAUE (KA 1 XGBoost, JEHli g KM TiNI 3 SARIMA
i, SKU b Ay B AL BRI e LT 2B K, WA DR T 0 ok P 0 (B A P e,
TG E « RHER 7 38 A R A BB IL R B A AE

JE A T A e LR LA R . TR H R A 25 R SR (B - ). N-BEATS ki
B OO S B A R, R S UL A B SR, (LSl o 391 5 L AR L I
fGAl, ENL2 LRI, XGBoost 1B B M 5 . Ji s, it 49 2L 4 S T RS
MBS K5, 22 MR E S, SARIMA ULRIE TR 240 6 M S ME R B, S50
W2, KIS,

SKU FE MBI 5 IM TR, KEBEYRREDRENIEE, SRS, BRETA
it VRBESESTRIT 5 I 22 20 TR R AR . REEA 1T % S SIS B, SRR R, S
I (BRI & AR s XGBoost Tl [ A IA BN 5 A2 1., R wiIs St Ra i,

FRUAAE “BREM + JREoAs” FAEAE IR . s o 18 8w R (0 26 i oh, WERER b5 45 Gi At
RIS B RRasE s Ao RE AR BIWAKAR e . YRR A4 . B SKU TS5 el , TR 2 ST R A5 47
23l
4, B

AWFICUESE T XGBoost 7£F & 44 & Pl 1 R G R 35 . FEIEEIZ SR Gl o, XGBoost 1 % i [ &
R R ZERAK, AR T SARIMA. F8K 71 Prophet STAERER N-BEATS. 7F SKU Z¢Hilh, BE#
HCHE AL BT ) BT R, BV R A 3 AR GG Y SARIMA HE DL FIFZIK 4, N-BEATS
Z IR T REAKUBLZ A R 19, T XGBoost 72 A %o 4 i 5 AE A1 26 1 A2 B v 250R e B th e £ e 12k
FEF A PRI N R E AR, XGBoost 4 & ] LA AIE A2 R AT 3RAF AT ORI 5K A XGBoost 54
R, A6 FL 4% T 9 i )3 A T SR BT 0 — B RN BIR 7 5, N-BEATS Wl 1 8 B VR 24 5
FIEFT R, NGBS LR E RS %
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