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Abstract

Accurate product demand forecasting is the core link of e-commerce platforms to optimize supply
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chain management, reduce inventory costs, and improve user experience. However, demand data
in e-commerce scenarios has high volatility, nonlinearity, and complex characteristics affected by
multiple factors (such as promotions, seasonal changes, user behavior, etc.), making it difficult for
traditional forecasting methods to effectively deal with them. This study proposes a combined predic-
tion model based on long short-term memory network (LSTM) and random forest (RF), which sig-
nificantly improves the accuracy of demand prediction in e-commerce scenarios by combining the
temporal feature extraction ability of LSTM with the nonlinear modeling advantages of random for-
est. By integrating the historical data of the four core products (electronic products, clothing, house-
hold products, beauty and personal care) of an e-commerce platform, the results show that the com-
bined model is particularly prominent in the sudden demand and seasonal fluctuation scenarios
during the promotion period, providing strong support for the intelligent replenishment, inventory
optimization and dynamic pricing strategy of the e-commerce platform.
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1. BEEERAMNREEARER

TER AT K R, BT RS SRR O 051, 2024 G4 BR AR5 28 2 B0
30 Jife3ET0. TEIX—E 5T, KRG TR 0N BON B ST HE 8 80 A RS G
SR, RS 7 SR PO Th i = B R Pk AR 1) TRk s WRFa ) “ RIRENE” (i 618, XL 11)
FEFTRIEA AN 2K 2) ARRIEREIE: B PAT . ZET AR (Y SR R 28 ELAE FAE 1S
KRR E A% 3) ZIREME: M BUREE . H P B3, H A BB SEH S S A REIL FERmF K.

& Gt (] 7 Z1 T 7732 (a0 SARIMA FIHEHCT 1) 76 RG] SERR B R 37 5 A AR 2R i 55 SRk s A 2 Rl
AR, FLFU RMSE J8 5 LUALAS S ST A R 20%~30% [1]o 3% R0 V2 5 A0 s - 2 1B 8 0 il o2
24, ML HIE SHAH A 1734 75 SR I ShaS YERAN S AT R (2] AR, WL ] HIRFE 2 I HAR W
TFUGRE N SR . LightGBM VRN i AU BR BE SR FHAESE, ARAS I ZR BE R . A7 o5 F D I 24,
TE 77 i 75 SR T Fp F2 B HE GRS AE 22 B IR SR AR B RE (3], LR OMUASE L 3 250 3 5 IRRRAE A2 40 R R
TG R 4]. KAHATEZ 2 (LSTM)PE NG A 28 I 268 (1 ek iR AR, BB AR BB 18] 7 471 7D K B
FRRR[S], (ERPAE. F SR IIAT 25 R I X LR AR B s i B Re 71, BN AR AR
PEERBUK[6]o BENLARBRIE I T SRR AR U, SR P& B T A = e B b AR 3, 2%
TS5 R ORI TG 25 /0 VE DG A AR MR B A 2 ot 0 b T W 1) R 2 AR S TR P4, I Re il 2
B8 RSP REATL A BTSSR 0] ) 3 5040 P i AR [ 7] P M e 55K NOA LA I BEHLAR AR AL FRID S AL R B
T o ) AR B, R I TR G 2R BR8]

SR, B — B (R 37 AR I A AR (4D LightGBM)XE LU B LR “ s 1] - IR - R4
SR (SR I PR, T LSTM X F P S22 L (A AR IR0 A RHE AL PR AR BAR[9]. Ao IR —
TR (1 oy B, T 90 38 AR IR 2R TR A AR R A F B T+ ) Bl R0 25082, 38 7 i AL 5 K AN R A B AT 21
PLIRTE TR RE, MR V253 HU ) LSTM-LightGBM 43 /ZHESE, JHid LSTM $EHUR - R-IE )5 Al & f A0
fiE, £ FH P S0 A BRI MAE 22%, {HR 787 5 JE R AR A5 0 “ 50 S smrds ” RRIE[10]; ZEB 55
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#1) GRU-BP H& W%, @il 2 8 5= M R 20K, NERTRILA T4 5 PR & B i
BEREIEF[11]; Wang ZR AR EL A 7L, ik LSTM 5 LightGBM 43 Hil AR 5% 2 5 AR 28 1 ¢
2, AT R IR A I AL, (BN 2 SR ARE A R (T S RS I 7 SR e ).
[12]; Tian F542 H (1) 2 JZ 3 H] LSTM-BO-LightGBM #5475 i S22 Tl  Jeg 3L Hh 5 i @ 3 e /3[13];
¥ L2548 GRU IS PR 268 /15 Transformer 122 ki 2 Ju L], SCIRAL 2] 38 H RS ) e,
ETHSRRAS I, DAIE G FL R P & 4T SKU R SR T 75 3K [14]

MTAER,  FAth T % VR S A5 At 75 I e FO0IU S0k 8 Sk AR, (HLLE FRL R R AT 3 53 P AT A A T T 1Pk e PR«
I 8] 5 R 2% (TCN) FE A8 JR 01 52 B 5 R LR ZE 557 ZIRFIE SR B P R B S [15], AR IR 55K GA H S
BP WML 254, TERMIT RTS8l MAE BEIKE] 0.14%, (HEKFERKERIEA L, 75 EE AR
S sz AL Z IR [16]; R Z M) iWOA-iTransformer A5 7Y i it 5 AL A VL AUAL Transformer
Wk, BEH T2 EARLMETI, {8 Transformer )22 SkiE R LIS RA R, X LUE R B R 30T
SKU HJSES F[17]

R FIRE AR TIRA B0 A J, (HIA AR F RS 5 7 vz AL RE ) E AT A BT A R [18], JUE
FEHIN T SKU B R R KGR 8. e, RRMEE), SRR RGPk, 4
SCEF X LR 37 S I SRR AT, BRI I S R AR B0 E LSTM 5 R ML AR A 458 8 1 25 S5 s F

B Xof HL B T SR TN ()37 SRR, AR SO LSTM-BENLARMRZ S48 . FIF LSTM Hfi B2 & Hiit 4k
TS R, WAL G ZVRESRHIE(UR S R R E ), Sl “r -
A" RHE P A AT IAABEIT, QU e T LT TR R g st B0k “LSTM Hi #2 K S
Frass + BENIARMRER & 2 IR SEHE” X IR G HISE 2. i 5 2 RILRRAINT L, S AR
R Bk st RIUAR A, A FSRIRA A S B R I rT I SEIE S %

2. R TR LSTM-BEH R E SR BRI
2.1. WERICIZMZLSTM): HRIE AR BT H

LSTM 52 B 22 I 26 (RNN) A SCBERRCAC I &) 1, HOMURR FACAZ 5 e 45 A R0 T RNN ZEAR R
F7 A0S L I FRIA SV % I R, 5 L e 6 B A M Al S 1) 2 30 b RO R, UG T ) AR 3
+ R TR FEHE RS, LSTM %O B AR : O SR IR s R
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Figure 1. LSTM recurrent neural network
Bl 1. LSTM {EIFFHE ML
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HHEYE B HIGRAT 2 - ARI(1~3 K)-RIZHI )7 BRI, LSTM HYiCIZ 8 o n] Ok i 1l &
ST EE, VBRI AR B R . @ERCF YRR AR SeMsE fh RAAAE B 25 21 A Y,
LSTM FJHAN T R] SR T 19 RAAE B, Aot 113 A5 T B 300 2 i 3 SR K52

LSTM HNEIZHoc &3] SIS T, Sl X =AM TR A AR, SHE SR i
HANCRE . LSTM BIAHR AT

i, =c(Wx, +Hh_ +b) 1))
fi=c(Wx +Hh_ +b,) )
o0, = O'(WOxt +H h,_, +b0) 3)
¢, =tanh(W.x, +H_h_ +b,) )
ct = -ft *ctfl +lt *5t (5)
h, =0, *tanh(c, (6)
o(x)=—! ™

l+e™
tanh (x) = <~ )

e +¢e

Horb, i ORI, JUEICIZ T 7 E R BRI RT 14 R R KES); foVBEN], e
MACAZ B TEH ZFEHE B AR SRR IR Eh): o RITHITT,  BRIECAZ A TCH 5 2 Cn B e
HRM T RIEED; ¢ LI BICREIIRIEE s ¢ A HT ZRSIZ B IeHREs s b KT HUE: o 04 sigmoid
R, CRHEBUN B) 0~1 2 [8]; tanh RECKHEBUN 21 21 1 22 8]5 x, 2450220 (R (U B R 7 it 1)
W) Win Wi He HyS5NRUEIERE; biv b NWME S

2.2. BEHLARFR: BB SRR HE R A HLE

BEMLAR MR B 2 A D A R AR A IR, R s i UL RE U M 4RI AL BRAL S, mlHg i
LG L S ERS AL RIS, BENLARART ARG @ P, Wi 7 i (R A RS0 5
TP AR SO R R ABZE R, BEHLARARTT R 20 4 318 ot S 0 R RS s &4k
A SRS, K28 L S (B DRI SR R A N T T AR B, 3 2 AR R A o 75 SR R AR M R i s
ARBEF AT ONHEAE, RS P AR TN - W SRR AR SRR, 451 ey SR it S (Clun HI P ) BR) 5 SR A
SEMERE R, FEALARMR A8 IR AS S A 5 P SRR AR AN

TER EEBEALARMRIS , 38 I B AT RERE AR FRFAE SR N SRR R SRR, SR 5 25 A e SR (1 TR 45 51,
I H R AR BT B 7 AT B R A TN . FEALAR AR R I Aoty gy U A BOR M 5 RE 7T,
RE 5 A B e AR B, G R 2 2 RO i 5 SRR T B S . A QML BEE: © BENLIMEE
(Bootstrap Sampling): A JFAGEHE A TRIFHME S S TAE I ZREE R, PRI 22, @ $FEREALIE
e AR R RN BEHLE DT R IE, BRI B O ZPREE: MBS EE R, [l
VAR5 38 1o~ B30 T A 2 T A

2.3. LSTM-RFESEEZH: BE “BF - 85”7 SN REZEE

iR DR A R P TR A SR TR A RO + ZAFIEAR S R, TR A TN (LSTM-RF) B X HL R
Bk sl st P B (15 2), SR P ah & S S R YRR RS
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H—BrE, LSTM $RHUHE RGN AR, A\ TR f) o o ) B2 T R Bt (nid 2 14 R &), vt
PIER MG S O YPRPRERINE; @ FOBURI PR LR e A a3 . = PEishsmie) . Bhf Br
A T - R SRR, A A R I R A A

FWBL BEHMLARAMRAL S Z IR, 5 LSTM Hi th I FP4FAIES A i S R IE (R DAL & S A BEHL
AR, Bt R A TRIN A R WA ™ s R R =ORYERE, At 7 o PR A R M R 2

HHETALIE
%% ARk <
S w o

Portfolio Evaluatjng
Characteristics perform &:mce

Comparision modle
Figure 2. LSTM-RF hybrid model architecture
2. LSTM-RF R A 1ERIZ24)

Table 1. The core static characteristics of e-commerce scenarios

T 1. BREROFTSHHE

Models Input Features Purpose

Category (e.g., electronics/clothing), Determines the demand base (e.g., high-rated products have

Product attributes unit price, rating higher demand stability)

drive short-term demand fluctuations (e.g., the impact of
promotion on live streaming channels is more significant)
different tree models

Promotion strate Promotion intensity (discount rate)
gy and promotion channel (live/home)
Repurchase rate, add-on-purchase Reflects demand continuity (e.g., products with high

User characteristics .
conversion rate repurchase rate can reduce safety stock)

3. AR THSERE
3.1. HEKIRS EE Rt

SEIGHHERIE T B N LA R G 2012~2016 FEMI2E5HE, RE 4 %0 MREH Type TR
T, Type A REFIEHK. Type S FREMRIMZE. Type C UK HL 777 H2K), B 1200+ SKU, Hi¥E
PR HEE, ZJEEREEIEMR 220 AN TE 52012 55 1 A 2016 55 52 F), 7562 0EE
S AR A BE P A7 3 Rk A0 O FR7E AU Product_1938, i F7 R BI<5%, TREZE
WitE): @ FEVPEBEIAL(UN Product 0613, EEVUZEREFR ROV —FRFEM 2~3 %, ZIHE TR I
@ KRB0 Product 1763, FAIEZEEMETRITH, KT RAVIER 5~10 5520244, BT RERER
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SO 22 o JRAGHUIR O R L) 3.2%, T H B (N 2 ME 30 LALE) A EE 1.8% (U1 IR BT SR Bl in %
FAT Y. BHRFEA QA 3 FTR

Product Code  Warehouse Product Category Date Order Demand
Product 1938  Type J Category 001 2012/6/6 4
Product 1938  Type J Category 001 2012/7/13 4
Product 1938  Type J Category 001 2012/12/13 4
Product_0613  Type_J Category_001 2012/9/28 1
Product 1938  Type J Category 001 2012/12/12 3
Product 1763  Type J Category 001 2012/1/5 1
Product 1763  Type J Category 001 2012/2/9 7
Product 1763  Type ]J Category 001 2012/2/16 7
Product 1763  Type J Category 001 2012/7/18 1
Product 1763  Type ] Category 001 2012/9/28 1

Figure 3. Raw data samples

3. REHEHER

3.2. St EFHEEITRIEMALE

BT R IGBARAFAE R S . SRRE S N, o e B A TS, RBR A T ERE, SR
PERRE AT AN, OREA (R4 IR EE s e it . SRS, VA BRI SN A BUE VG s, SR AT AR
HEALALFE, WM 2] 0~1 [XIH]. SRJ5 205114k LightGBM. LSTM. BENLARMZS B —AL, XF LSTM
B, BB )N 0.001, BEZEKSN 14 CERCHR “ KIERT 2 BT ), FRET sEoh 32;
XFTRENUARMASE Y, 5 B WA 50, OREREEA 10, BEHLART 42. §2— LightGBM HIBHAL AR AR
BT T RS © WEEE: BT % 1/2/4/8 B RM(X 1y Xeas Xias Xeg), IR
WS KA E R @ BEGHE: ik 4 /12 FRSME . bR | BRI (U0 meany std12),
S R B 2 5 B O FLRE A HE TR R A AR s ®) W PERHIE: Ji%R5 (1~52, JHAGRID) X A [F]
JEN P ] 52 5 SRABE 2R (AN 4 R T SR IB R ) s AR IR(1~4, EEmAD) B I L A T @ gy
fE: 3 2s 8 A BILR I AR B (LT SRIG K/ T REEH) . G BERHE: LSTM it AR 5 FiE .

P LSTM-FEHLARARAL SR, SEiI1Z% LSTM KRS, i Hon i AE A BENLAR MRS N, T 2408
MUARMAREAL . [FIE, JE+E LightGBM MEEUEANT LUAAY, DABSIFA SR R 3s . S o i 4 A B v
TE2aEZ = 0EEE, WiEH R

3.3. HlEIR

HL P B AR CE AR AL (W AR A B, BT LASEAS ELFE ] MAE 1R RTPAS 4R bR, DS th IRECK 3 E 7%
Wi BT O T AT B VAL A AR AR P i 7 SR TOIAE 25 R PR RE R I, AN IR T T4t 4
EL 1% %5 (Mean Absolute Percentage Error, MAPE). Xt KP4 %t F 43 Hb i 25 (Symmetric Mean Absolute Per-
centage Error, SMAPE). #5& & $1(Coefficient of Determination, R?). H {7 $ 48 % 15 43 Eb 1% 2 (MAAPE) A%
BN ENAL, R EATZ M B RAREMER ST TR AR .

MAPE =13 127311009, ©)
n i
1 n yi_)’}i|
- 1
SMAPE = - > T3] x100% (10)
2
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n A \2
R2 =1_Zi:l(yf_yi)

- — (1D
Zi:l(yi _y)

yi_j’i

MJAPE = median{
Yi

xlOO?ﬁ] (12)

4. BEIHR THSSEERS 54

NI LSTM-SEHLAR AR S AL 7E FL RS 75 SR T v (A 28, ARSI T i SR 0 5 2 i iz
IGUE PN YERE JRITS206, R 45 & R R A . a2 fR R BaR GRS R R, X
AFERRR IR, R G BR RIERC LS o AN FRITMAE AR ON ZE 2R b, e 2 Pl

Table 2. Compare model statistics tables

2. MR BGITR

Models Input Features Purpose

To verify whether Random Forest (RF) improves

LSTM Raw time-series data Xt
robustness

To compare the performance differences between

LightGBM  Handcrafted time-series features + static features .
different tree models

LSTM-LightGM LSTM's hidden state h + static features To validate the superiority of Random Forest (RF)

To verify the necessity of LSTM for automatic

RandomForest Handcrafted time-series features . . .
extraction of time-series features

4.1, BTN R E m AR MR EIE

B G i BARRIE R MNP i ST TR BT OR, S22 A < WL HERE 52 5 22 VR it 7t
MR, AR 1 KA 5545 J; A 55 46 A iR 55 47~48 JA) B R R
RIL, AR 4 (R TS 0 Wb 77 RE (R &R 3 Fs.

Optimized Demand Prediction Comparison

750000 ——— — . actual

-=-- LSTM
—=-- Single LightGBM
Combined Model (LSTM + LightGBM)
—-—-- RandomForest
—==- Combined Model (LSTM + RandomForest)

700000 +

650000 -

600000 + —

550000 +

500000 +-

450000 4+

400000 -

350000 +- 1 1 T ¢

Figure 4. Comparison chart of inventory forecasts for different models for a single product
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Table 3. Statistical table of errors of different products
3. FEIFRREGITR

Evaluate metrics

Product

MAPE MdAPE R? SMAPE
J1 6.4958 4.2349 0.9268 5.7962
12 3.5878 2.7977 0.9476 3.4951
Al 2.9499 1.9418 0.9758 3.0306
A2 64.9761 20.0253 0.9384 32.7765
S1 116.9651 28.2321 0.9879 40.8744
S2 10.2623 6.8016 0.9607 9.2997
Cl 5.6448 4.7366 0.9877 5.5077
C2 5.1280 2.2333 0.9854 4.7603

M 4 aTCUE B, TSRS 45 ). AAHALET LSTM 1T stk tash, 4a IR “x
SN SRR AT, TR ZEAY 3.1%, LT 5— LSTM (8.2%) M EEHLARIR(15.6%), FEiEIL
BoHLR “ el M.

1RRIICE 46 J): T H F5oRIE HE 8 A rtmds s, HERBARIE LSTM BT 1T 5B 7 4t
EEEHLARMT  BIE LY + 5 PrRP R 7 BRI 4BT , TN R 22 4 48 3.73%, 6 T H— LSTM (15.38%)
FRJ A B8 SRV AT B — LightGBM (12.7%) % Tl S ER ) 20008

RIGIACE 47~48 Ji): B0 KA JG T SR ER U P RRRFE, HAMALET LSTM & i mivt, BEml
HMBIE RGBS WRIBEERL, PRRZED N 4.2%M 2.8%, WidHE “RMEL” F5.

M 4 0] W, HAEBRE LAY R R &L : R21A 0.9388, MAPE 1Y 3.7369%, %H.— LSTM
BEAIG 75.7%, R —BEMLARARBEA 42.6%, 87030 0F T Hoxd Bps «J B Ism b 7 B & mert, A 20w
Yoy R ERLE ARSI B “ARZRIE R R L IR AR AR

Table 4. Statistical table of experimental error of model comparison

4. FEINHESLEIRE ST R

Evaluate metrics

Modle
R? MdJAPE SMAPE MAPE
LSTM —0.1002 12.9299 15.3444 15.3814
LightGBM 0.7712 4.3676 5.7815 5.6772
LSTM-LightGBM 0.7714 4.3341 5.7735 5.6690
RandomForest 0.7539 5.7480 6.4897 6.5163
LSTM-RandomForest 0.9388 3.3152 3.7118 3.7369

4.2. ZMAZTH: EHERXNBEMIIE
LT RO RGO R 2 TR B R S L ol T B IR RS IR 0 25 1
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KEHST HRRA) ARUEHEE R Z e 7, M 4 M0 &k 2 MM SKU (3
8N, Bimfae ., FY PSR, RERFER), XL HFRCR, T LE R & 5 (e fh . Ty A
(A): . FEATFREAR): Bl SZPr{E. LSTM-RandomForest FUME) T, RZESiTHIn5 4 fr

7N

SER IR FRE B ) HAEBA R2IA 0.9476, Reid IR /M THE, CREFTRINAR &
P TR IR(A 20): AEFTTEHII(U 3~4 F)TINIRZE(SMAPE){X 3.03%, A& 43 L i i Rk
M RIG K RRBERSEES M C 3K): EREIEINRAE TR T, MAPE B —HRFEK 60% LA
b, ARG AN R . BRI S, 6 Bl ah R2>0.95, RUIBAI H R 2 5 2R 75 ki A A i

FC k-
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650000
600000
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Demand
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450000 -

400000

350000 1 ==~ LSTM + RandomForest —

Optimized Demand Prediction Comparison (Product_1295)

—o— Actual

T
10

Time Step
(a) 7= T1 TR &5
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250 1
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=== LSTM + RandomForest

Demand

150

100
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Time Step

(b) 77 12 T 45 5
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Optimized Demand Prediction Comparison (Product_0979)
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=== LSTM + RandomForest
\
1
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|
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E 150004
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\\
10000 v
5000 A
0 | |
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=z O Sl 4
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150000 !

125000 —_—
o
5 100000
E
&
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e L
0 B
10 20 30 40 50
Time Step
o] 3
(d) 7= b A2 TSR
Optimized Demand Prediction Comparison (Product_1581)
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Optimized Demand Prediction Comparison (Product_1570)

—o— Actual
=== LSTM + RandomForest
40000 | !
30000 A I
E
& 20000 A I
i \ V w \\A i
01 3 I
10 20 30 40 50
Time Step
(f) 7=k S2 T4
1e6 Optimized Demand Prediction Comparison (Product_1359)
l —o— Actual
2.5 | l"\ [ . ~—- LSTM + RandomForest
i
I
1|
1)
I
2.0 i
I
I
|/
|/
I
2
g 15
&
1.0 1
|
|
0.5 '
10 20 30 40 50
Time Step
(2) 72 S1 T &h R
Optimized Demand Prediction Comparison (Product_1935)
40 [ | —e— Actual
=== LSTM + RandomForest
3.5
A '
- a Aol
\ - i |
; |y b \ A
E 2.0 | 4 \
: | VA [N\ ]
15 = | R
1 A |
10 .\l V Y
03 o | l,,, \/\\j RN \l 1 k
00] oo eed e
10 20 30 % 50
Time Step
(h) 7= S2 TR 45 5
Figure 5. Comparison chart of inventory forecasts for different products
5. A[E] = am P 73 T %t b (&
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5. it 5HREENMNAMNE
5.1. {4t

LSTM-FEALAR R G R AR S ol il 5 I R AL 5 L R i A REAE s R IRTT 1 e SRPRS B2, JUHAE K
el I R R SR IS . RO IMEAE T — AR “ Bl - Bk KA
B, Wia st ORGSR ED” B e RA BRI I IR S KR AR
P, RG22 RS T IRHIE: =2 2 R F R R A SRz AR Sy, WS A
T P BB R AL i A

5.2. HELFMAMNE

MHERLG BT IAE, AR SCB R SR =T5 1. — AL BTIRRC R, G hs v T A
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