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Research on commodity sales forecast model based on LGBM method
WANG Jihong, QIU Yitong, LI Yonggui, LIN Yiyong, PENG Junfeng, XU Jun, ZHOU Rugqi

('School of Computer Science, Guangdong University of Education, Guangzhou 510000, China)

Abstract: To achieve a superior sales forecasting model, shipment data from a large enterprise are selected to serves as the subject
of investigation. By delving deeply into feature engineering and the LGBM ensemble learning method, feature normalization is
accomplished, and a sales forecasting model based on the LGBM method is established. The prediction results of the LGBM model
are compared with those of the RF, LSTM, and other models. Experimental results demonstrate that the LGBM —based sales
forecasting model had a smaller RMSE compared to other models, indicating superior prediction performance. Additionally, RMSE is
further decreased upon modeling individual regions. Overall, sales forecasting using the LGBM method proves effectiveness and
holds broad applicability in the field of merchandise sales.
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T RBAERHE R ITFEN RAEAS P AAT 55 B
Ik R T RAF R HISCR

AR SR LGBM J7 3 6] 1 it 8 4k 2 A7 750 00
U, BT A B RO R L, BOTHARAE TR, RS
RISHEAT IR, I L5 5 L BEALAR AR (RF) 07
KATI0 A2 %% (LSTM) ™% 45 = A A | 505iF LGBM
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1.1 HiEsEHR

ARICR K A FE R B Al £E 2015 4F
9 H 1 HZ 2018 4F 12 20 H A9 th 5284 (W3
D) RS 597 694 rowsx 8 columns, f35 .
P18 H 3 (order_date) H4 5 X 384w 615 ( sales_region_
code) =4S (item_code) | = f K2 G i ( first _
cate_code) .JZ M AZEGRAY ( second_cate_code ) fH
U 24 K (sales_chan_name) | J= A% (item_price )
TR K & (ord_qty) o

x1 HEHE
Table 1 Shipping data

R TTEEN WEREAT R ROCRR CRART BESHAR R TRk
0 2015/9/1 104 22069 307 403 offline 1114 19
1 2015/9/1 104 20028 301 405 offline 1012 12
2 2015/9/2 104 21183 307 403 online 428 109
3 2015/9/2 104 20448 308 404 online 962 3
597691 2018/12/20 102 20215 302 408 offline 2013 106
597692 2018/12/20 102 20195 302 408 offline 2120 187
597693 2018/12/20 102 20321 302 408 offline 1244 205
TEREAREE A TR H AR T BT T —
SR H 3, B REGRAS TT RAXT R 2 A
SNSRI | B A B 4 2 A, o
E[“ online” ( éﬂij:) F1“ offline” ( ?321:) o FEASH}A] v
e o L OE AER RN IR SE P2 I Es gL Y R
B TR T e e AR R A X RE AR R AT N
VB TAL PR DT AR IE B B & B AR R LA AL e (K
fig, .
s TREIE ¢ e oAt
1.2 BUEFAE Bk R e
B PO AS 1 2 36T Dy s e 0 A e T N
Jy S B i b S5 IR A S SR R ) 2 SRR
P B PR S T B VT BE AT AR e 22 18005 U, 1X u L
" e N 1 g . SR AL IR ECE 2 A
SR E 2 XA R SO o ey ok — E L, R, S
TEEF T B U , 5 2 0 Bk R A HE 47 B -
=R ERG LSO N NTTREE VRS Nz
SAH B S E S TAL B T A5 2 HE S

R . B SR T PR AR AN A 1 FTR

Fig. 1 Data preprocessing process
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BARFEA 0 b 3L |, AT LASE AT £ s g 65 A0
FRAE TRE TAE, MRAEXHIEE B R4k, % EAR
[v) H 300 Ja8 %o o B e s ) IR A5y 2
25,0000 AR B AESR RS AR X A TR R
PRI B a8 Ty NI A A3l 2 2 400l R 2k
B ATHE; L EYRH 01 4l M4 M4 X
() AR , 25 AN [ A s DX ) X 8 it A P s i), 44
ARSI 4 2 Ay BRI R B
Yo XSS 53 A0 3BT, SR P DU AR LA
H/NTNHE 25% AR A% ,25% ~ 50% F h s
50% ~T75% B, 75% ~ 100% A= As . HE H
WP FVERIE 42 08 H IR JE X5 A LS, Rl A v,
A AR MK 0.1 2 540t ARBE SRR
FR 2 DR ORE B 0 e T H s, v LA B S 1l i
Python PN & H I sRBCHEATMRT , 204 22 A
HIGE , 258 Likgmin)a rRe 5o W2k 2.,

R2 PR
Table 2 Feature encoding
Year Month day week grade A BETRHE HEIEE
2015 9 1 36 0 0 0 0
2015 9 1 36 0 0 0 0
2015 9 2 36 1 0 0 0
2015 9 2 36 1 0 0 1
2015 9 2 36 2 0 0 1
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2.1 LGBM Eix#Hid

GBDT ( Gradient Boosting Decision Tree) J&—#Ff
FEMLARAE 2] A0 ) 52 Wl g A5 A0 000 g A
5503t (M) SRA WA B AL, =2 R
TE TR RN GRRCR AN @ bt S BE T .

LGBM ( Light Gradient Boosting Machine ) J& %k
T GBDT FARY R LI, 5HA GBDT S8
FIEE, LGBM AT LR 35 (L5

(1) BRI ZREE, LGBM K T & T
Histogram ARSI RIS TINZRd 2

(2) AR B R BE . LGBM Bl AT Pl 6 i
KA (GOSS) AR, H 2 e im B B 1Y Eidle , M AE
A B4R > TR

(3) BEARAY N A7 T8 #E, 3 B R AE I8 96
(EFB) K, LGBM REWSK: 224 1.7 S ik 46 o —
AR, SEBRRRELE

(4) DAL A KM, 5L GE MR 2 AR KR

BEANTR], LGBM SR H 14 DR BRI 1) Leaf—wise 424
SR, BN v R EL R

(5)FFATab PR S Cache fLfk, LGBM SZHFR4L
MIFAT IR R A 5 AL BROREHE , LGBM i — 2540
BT Cache firrf 38 $ 5 1 AUdE AL HHUE

LGBM Histogram -3k B ACH Al i HAR QT

&£ 1 Histogram—based Algorithm

NI training data, d; max depth

I\ m. feature dimension

nodeSet+—{0} > tree nodes in current level
rowSet+ {{0,1,2,---1} [>data indices in tree
nodes

fori =1 toddo
for node in nodeSet do
usedRows<+rowSet| node |
fork =1 tomdo
H<—new Histogram( )
D> Build histogram
for j in usedRows do
bin— L f [k][j]. bin
H [bin]. y«<H [bin]. y + L y[j]
H[bin]. n=H [bin]. n + 1
Find the best split on histogram H.

Update rowSet and nodeSet according to the best
split points.

LGBM Histogram 5.7 %) JE A< JELARLJ2: 46 X R fiE
(EHEATREAE A B, 52 IR AR (H 1Y) B B AL 3 P £
I, AR B HOAL S BOMEAE S R 5 17 B 7 B b RARGE
T, Mk P — R EE e, O R T E RS
T SR AR BT TR B (L, i g -4 R DA
F o BB AR, 7T LR B P
S HE A DX TR R B R B SRR AN 3% 2 AN AT
T PRAPEAL 73 F— D XA RS 45 . 24— A
(IR Y5 A —1> DX TA]IF AT DA B0 32 X ) 1Y
itk AT X BT A Bds S T Py, TR
BB A X TR R 5 | PR IR TE A7 A B AT DA P /)
AR, 1 k> A7 B i . LGBM B ]
T3 T DASC R AT FORR AR 14T, DT R K ek
P

75 GBDT H B Al LAAE S il f R AS I i 22
B8 PR, LGBM 5] A T Gradient —based One —Side
Sampling (GOSS) ., FIEFERAT
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&% 2 Gradient-based One-Side Sampling
N I :training data, d: iterations

I a: sampling ratio of large gradient data
I b: sampling ratio of small gradient data
N loss: loss function, L: weak learner

1-a

Models+{ |, fact+

top N+—a X len(1I), randN+«b x len(I)
fori =1 toddo
preds+—models. predici(I)
g+loss(I,preds) ,w+{1,1,---|
sorted+—GetSortedIndices (abs (g))
topSet sorted[ 1:t0pN]
randSet+—RandomPick (sorted| topN
len(I) ], randN)
usedSet+—topSet + randSet
w[ randSet] X = factD>Assign weigh fact to
the small gradient data
newModel+L( I[ usedSet ] ,
w[ usedSet ] )
models. append( newModel)

S AU SR O B IR 688 B BRI REAR
PRI DAy 3 8 B ] BB R B T 0 U R R RE A T ) A 3
BUNREAR BEATREHLAIRE . GOSS FIZLYRANT

(1) AR HR 8 T %) & % B0 %68 il A5 A A 0 47 I
HEFF

(2) EFERT @ x 100% FOREAS 1T HEES A,

(3) NFIAS (1 - a) x 100% HIFEA HBEHLGE
FEb x 100%,iCHES B,

() TETHEAE B s, KRS B PRy FEARS
FEBOR (1 = a) /b A,

il GOSS,LGBM REMS B I SGHARLEAR M TE I
GRAREAR  [F)In) H 2Rtk s il 4 204, AT
TEI TR R TSR TR TR HERRTE
2.2 EIummiHETmNER
2.2.1 BIRZL

LGBM HEBI S e Z2 81 00 T MO T 4dis
PR T AT 55 S BRI R S Al 55 75 5K i i il 1T 38R
INSHBAE R S5 R & learning_rate N— /N
{8, AR S AT LASE 7027 2] . LGBM 7] LL A 3k
PR HIRRIE  (HRfA OR REB B AR 1 S5 26 W] L)
SN BARE A7 AR R IR A — MR B A A
By, ARG BB lambda_11 (L1 TENI1E)
il lambda_12(12 TEWAE) . 5 RIS A6, 5 25

- glusedSet],

B num_leaves (R B K F%8) .max_depth (R
A BOTREE AT AR B Ik U5 ) o EERTREAS FIRRAE
IR, T 2% B bagging_fraction bagging_ freq .
feature_ fraction WIHUE ., 7] LME FH/INY) learning_rate
5K n_estimators 205 y LR T PND] learning _rate
5N n_estimators éﬂﬁ’o ﬁm@f%( early stopping)
ok B ik £t n_estimators WIE, EFXEARIE CHE % ,
B F RS RO WK 3,
%3 LGBMIES¥Y
Table 3 Main parameters of LGBM

24 (=l e
boosting_type ghdt T BE SR TH SRR
objective regression 2 31155 B bR R gL
metric mse Pt TEbR
max_depth 15 TRY Y R R UR
min_child_samples 5 53 34—~ PN SRR B B/ MREAS B
subsample 0.8 FEACRAE L A5

I PO 19 L ]

colsample_bytree 0.8

reg_alpha 0.2 L1 IENAk 2250
reg_lambda 0.2 L2 1E NIk R %
n_estimators 200 LA

2.2.2 BERILLEL

(1) FEHLAEAR ( Random Forest, RF) , RF &—Fh
Tz AL 2 J7 i JB T AR ) O g,
SR 2 A PR I AT B SR BT Bk AT T
M, RF AL MR AR B R SRR H A )
LA SO0 AT R R SR AT LU, RF 1Y
HESEAAE : n_estimators (PE AR B E
WA (HSIEINHEA)  max_depth (45 il
B B oKW OB, BBk i WA ),
min_samples_split (P38 17 15,53 24 10 B /NEAR L)
min_samples_leaf (¥l W77 55 e D I RE AR B,
max_ features ( PRI 533475 & 1Y R AU 8
BEE R AR - IT M) | bootstrap (=15 #EATHE
AR TR ) , B8 E SO E WL 4,

*F4 REGSHE

Table 4 Model training parameters

ZH fH X
n_estimators 80 BRI A %
max_ features sqrt ISR RARE S
mazx_depth 60 R B e R UR B
min_samples_leaf 15 — AT S5 I B R VAR B

A PR 5T 1 J/ N RE A
(2) B2 LSTM (D-LSTM) , K 48 W ig 12 W 2%

min_samples_split 5
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(LSTM) J&—FRE iR IR PR 22 26 (RNN) 3G & F
Sb SRR TN A ] P 71 e ] R o0 A 3R A K 10
. LSTM 38351 T 45 4 F1 20 R 28508 ikt A% G
RNN AR ) 231, fiff BB A%~ ) 1< Fe 51 8040 1)
AR . LSTM R EHEES LG . hidden_size (BT
JERIIN, B E R 25 )  num_layers (W 25 1) 2
BB IMZERT DAYE s AL i 52 2=k ) |, dropout (T
WP LA ) | learning_rate( 27 >) 2R ¥4 AU BT
W& &) ,sequence_length (i A J7 51 B K B ), DA K&
batch_size (BN PIFEARE ) 55, AR SCHIFSEEL
YEAE )R TN B P 8 i % , D-LSTM Al AE2— 1~
GG RE 2B AL 21> LSTM J2 | Dropout J2# |
Relu J2 Batch_Norma JZ2#1 Dense |2, %58 HA &b
PRI 2R FF NS (7 1R 305 3 0 PSR R, R
RIMZR 5 K ZHL 3 5, B4 6 4> LSTM )2,
TR ) R 64128 256,256,128 il 64, 5%
T LeakyReLU , Dropout , BatchNormalization %5 I, fk 4%
AR A BT 2] 3 B 1k G s i 5,
)54 2 4> Dense |2 ,?Fﬁ:LHﬂT{'ﬂMEO

R 5 D-LSTM MZE4H
Table 5 D-LSTM network structure

Layer (type) Output Shape Param
lstm (LSTM) (1,30, 64) 20 480
leaky_re_lu ( LeakyReLU) (1, 30, 64) 0
dropout ( Dropout ) (1, 30, 64) 0
batch_normalization ( BatchNo) (1, 30, 64) 256
Istm_1 (LSTM) (1,30, 128) 98 816
leaky_re_lu_1 ( LeakyReLU) (1, 30, 128) 0
dropout_1 ( Dropout) (1, 30, 128) 0
batch_normalization_1( BatchNo) (1, 30, 128) 512
Istm_2 (LSTM) (1, 30, 256) 394 240
leaky_re_lu_2 ( LeakyReLU) (1, 30, 256) 0
dropout_2 ( Dropout) (1, 30, 256) 0
batch_normalization_2 ( BatchNo) (1, 30, 256) 1024
Istm_3 (LSTM) (1,30, 256) 525 312
leaky_re_lu_3 ( LeakyReLU) (1, 30, 256) 0
dropout_3 ( Dropout) (1, 30, 256) 0
batch_normalization_3 ( BatchNo) (1, 30, 256) 1024
Istm_4 (LSTM) (1,30, 128) 197 120
leaky_re_lu_4 ( LeakyReLU) (1, 30, 128) 0
dropout_4 ( Dropout ) (1, 30, 128) 0
batch_normalization_4 ( BatchNo) (1, 30, 128) 512
Istm_5 (LSTM) (1, 64) 49 408
leaky_re_lu_5 ( LeakyReLU) (1, 64) 0
dropout_5 ( Dropout) (1, 64) 0
batch_normalization_5 ( BatchNo) (1, 64) 256
dense (Dense) (1, 32) 2 080
leaky_re_lu_6 ( LeakyReLU) (1, 32) 0

(1, 1) 33

dense_1 (Dense)
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Fig. 2 LGBM prediction
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Table 6 Model evaluation indicators

TR A RMSE
D-LSTM 641.0
RF 100.9
LGBM 93.3

WA A X H, SRR AR Y LGBM A5 A
AL SR, 1 e NS 8 2 [ 8l S Bkt T
TR, M RE—M A ZES 0k, E
X — RIS EIN G AT IEAG RN LBk SR A
AERLE S5 A, it Mg RIS )5, LGBM
FERUESE 0 RMSE i JF R 93. 3 B&R 71.7,
MAPE Wi JFRH) 5. 0% %R 1. 1%,

&0 B DX Rl A i 22 S 3 A e —
RRH TN FIF A5 7= i A B 2 T R TG T A5 0 R 1 &

1200 True
Prediction
1 000
800
E]\EH 600

400

200

0 20 40

o HIL, SRR 3 BEAS B X B A T A S ) 2, 38
I X A3, B 5 XF 101,102,103 A1 105 PO [X 45,
PEATE R RI RN B IE 4B B X IR RMSE L3
7. NFETHILIEH, LGBM A RILE 105 XA 3
I, HooE: 102 X5,

*7 REERFNLRILL

Table 7 Comparison of regional model prediction effects

X Ik 2 % RMSE MAPE /%
101 97.5 1.3
102 92.6 1.2
103 93.2 1.3
105 88.8 1.4

AT 105 DAY FOIMAE B AT 14 Sk,
e s fros . Al LA HALE BOR B B T AR
T S7 XA REAS AR — E AU TERESR TT

60 80 100

ERUIIEPS S

B 5 105 XSHERIE
Fig. 5 105 regional model validation
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(1) & 53 B TEI 65 B SAE ) 3ok ) DA UL 6 7%
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T B TR w38 R o B, e B )
AP ZE R TR O 0 sh ey A
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ARSCHETF LGBM B 47 8 0 00, Xof R s
A ECHE AT HAA il X% H RF D—-LSTM A7 | 15 ]
T EMLAIEE R UE W A BT 2] Rz AR T
NI AR b 3 P B, 55 700 7 453 i A T 25 S R K
SrHTATRERY R IR —J& i T oa g R 5 MRS )
BHEER, RE ARG AN hEtE, IR
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