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Abstract

As early as the last century, online education began to emerge in my country. In the early stage of
development, it was subject to various constraints and the recognition was not high. However,

SCES| TR, S THLES IR L EH H AT B et 5 R, 2022, 11(2): 225-233.
DOI: 10.12677/52.2022.112024


http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2022.112024
https://doi.org/10.12677/sa.2022.112024
http://www.hanspub.org

SR

with the continuous development of the Internet, the continuous improvement of technology and
the rapid development of online education, more and more people are beginning to accept online
education. Not just students, college students and working people are the main population of on-
line education. Therefore, the network resources continue to increase, and various free and paid
resources emerge in an endless stream. Many paid apps have discovered the way to make money,
collect effective information, and improve users’ acceptance of effective knowledge. However, how
to find out more valuable users with strong purchasing desires and target marketing to improve
user conversion rate at a low cost is a common problem faced by the Internet at present. This pa-
per analyzes the behavior data of users to mine the characteristics of high-quality users, so as to
help enterprises save costs and increase profits. For the preprocessed data set, this paper uses lo-
gistic regression, random forest prediction, XGBoost prediction and LightGBM prediction to pre-
dict user purchase behavior. The prediction results of XGBoost and LightGBM are relatively good,
so this paper is based on the prediction results of XGBoost. The predicted results make recom-
mendations to the enterprise to improve the conversion rate of users and increase the revenue of
the enterprise.
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1. ARER

FAE_EAEZE 90 AR, FREITLIRRININIGE %, wt QI n R IR HH 1. A8, 1
LHFEATHW TR AF RN, I EAER EAE R E, AESZBIZR, 4w BUE S & A AN R 2
] e SRR DRIk, TLHRRORORt 1R, FELREH RO T 2 TR G AR T4 1] -

RIEES, METTREA NS, REE AR, W R E T LSe BN 2824 3], SR 2 AR TR
MBI, R, B DT SRR & O — P R #6, A A BB U 6], PRI >) 3
A BIRR[2] o ASOAE R IEAT SR URTE app B9 AT 0 R I SERFRMSUT P AT NI T, 5 fEde
HES R, D HET A, RN .

2. BiREEA

AR R £ R BIIG OURT , 45 SIS FEAR SR 135,968, KA 2 4639, LLiF £ 3%,
NIZ LGN S FH P 2 rh R B SVREIE O 40, XX S8 B AT N 7 AR B AS I J7 iR T TR, R S AR
HZ AP BAT AR, 5N RIEIA B, X TR IE m 20 7 2 AT R gmis, kR EUE g
A5, XN S REEAT A 4 R AS 5] 1) G i 25 26 B UG R 3 i S RIS AS AN AL, R SRl > 4%
FREGHIMERSR, BATREERMERE, FENBT MR TN S, MAhE)T
(R BRLR] , BEEUX e ] AT IR E FIREAE o« G491 3% 438 i R ) B i 2 ) #8776 XGBoost 2Rl |,
X F A GERINLAR S 1 7732, SR g N A H BB A% S I Sz M i 3 LB FH P AT R IEA O, T I S
EBR, B3 4639 NI, XM EE X &3 .

BATXE “login_diff_time” ,  “login_time” AT T X HUE . SRk A4 Al 1 Fis:
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Figure 1. Login_diff_time and login_time distribution
1. Login_diff_time 0 login_time 4 %5
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Figure 2. Logarithm distribution of login_diff_time and login_time
2. login_diff_time 0 login_time B33 #45 %

3. ZEEIAEAERLEER AT TN PR

Logistic [ 9 & T/~ X £k 145 % (generalizedlinear model). 7 SCER MR 5% ki A 22 B £k P[] 15 .
Logistic [a1)95 % BELPEFNAKFEN T, FEEX GEE T FARSARE, by mRHUE .

ISR R N EA S, FRXIET R EEAR. GRFEARRES:, "2 R MRS,
W Je I A Rl Logistic [1)H; 4052 Poisson 734fi, Rl Poisson [al)H; G2 i —TisrAn, B4 5=,

Logistic [E1 V31K R AR B ANGE H T =028, FIRER T 2025, Hd 2 80t s A, b
BHMERE, A PR AL, E&H FR Logistic A5,

Logistic [al A/ 47 BLAHE “[mH” F8F, SRfsebr be@&—F T30, TE 5208 -
RS (B AWM, 23R AZI), BRI T Logistic s%(BUFK N Sigmoid & %)% T4k
T T 15 R T TR R A

AR R — AN AR SR EYE, ENS S IO E IR EEMER, ST B LE T
328, TEARSCHIG A A/ LAl 2 2] 2R 000, XTELZE WA AT AT T, 4206 S RAE A 4L
Y EHIRE, 2R 0.25, AR RINE 1 R
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Table 1. Logistic regression prediction results
= 1. BEEETNLE R

R IR A [\ F1 AUC
VI[ES 0.97 0.45 0.82 0.58 0.96
MIRFS 0.97 0.41 0.81 0.55 0.95

ATDA BB R AROHERR, B EISA AUC SRER IR R 75, KIS F1 (2RI TRk
4. BN EZEERSHEAPTAMMTHER

BEHLAR AR (Random Forest, RF) & & T-VF 2 AN 43 2888 5 i) — M43 S8 I Sk o B S R R I B 9 iy
P IR HIBENLARAR, &2 NI 2RER4E 1) Bagging 57k . RF 3508288 AR5 m . I B R,
BN LR AR R S B, AR I SR N T BE AL JE Pk R . PR A bR AR R S B T )k
R, AU SR GEIRE, FEI8AT BT 70 S AN, A e ANBTER A G b B s B R I & 1k
{28 RETTE, XA IS a0 — D0 S, i Barlt Bkt — A A NEvEnE P4
G, FXE TR — AR B YERR T — A3 7L, S8 A R T IXANBEL
AR BENLVERERE . 9 A=1, T4 DA A2k 73 S48 IR 53 T8 1A o vh 15 50 3 ) R SRR A A [ 11 5
M A =10 A K R BRI RI Ay k78 1 BEALME . B R, HERE A= Log,c , BRI I RCRAR G BT
KA2 5k Bagging ik, DLURSRI N JE 5y R AR I A — AN 7p RESHH R ML M RhFE,  HARM A g6 — 1
W as BNl &, AR EREMDIER, SRR B —MEERN, &L
DERMNZH R, R Bl —ANE5 5 R IR 2 1IE[3].

BEMLARMRAE AR R Bagging SR, FE R AT AT R, AT 32 B MARE (1 fi R B LA SR TR PR
PHERTIAN S, B RATX A S, EREALA BRI A R . ISR N JZ e, IZREE
dikE 0.25. iR 2 k.

Table 2. Random forest prediction results
7= 2. FENLARMTUNISE R

R IR A [\ F1 AUC
pIEESS 0.98 0.43 0.98 0.6 0.98
MIRFS 0.97 0.4 0.95 0.57 0.98

AW ETREEDY 7 B RIBRIA S 300 WG ROR R, 7T UAE ) 524 RRIUHEL,  ErER =,
AR A AUC FR A7 TR ILARAEF LTS, Ferfi A FL A RIUAT B R .

5. XGBoost BZAHEHLHE A AT AT FHIMR

XGBoost /&R 4 GBDT it Fit 5% . GBDT FIH 2 #h /@ 20k H Ax ek BRI 2] —F, ARHK
&, XGBoost FI| 22 1A 20k B AR EUBTF 2] —Fr. 16 L, IEMLI B~ XGBoost fif7 1 4% H bx
BRASLIAE 2, T A S0 A5 2R 40 A R 0 Sk i 5B /D R 437 2R R SEAIR ) 7 22 . XGBoost 1 GBDT AHIF], 2 HH k 4™
B R LH A5 ) — A B X [4].

XGBoost 1E N4 i Boosting HiEMAEE, [FIBENARM—FE, (EH AT AT A, 32 2R R
FE LA IR AR DI R, 8 T X AN S5, A BAYIR B R i LA RO . 100 SRR AN B 2
HRE, YIRS L 0.25. 45 Ra1E 3 Fis:
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Table 3. XGBoost prediction results
%% 3. XGBoost Fl&E R

T2 R 1 [\ F1 AUC
pIEESS 0.99 1.0 0.96 0.98 0.99
MIRFS 0.98 0.84 0.81 0.82 0.99

LWEIREZ S 5 HA FARRA S 170 IS LA RCR IR, WTLLE HER R IIGEIEZMiRE, £51D
TEPRRIARARH AL Ty, R IL 2 4 R )A 5 BEHLARAE .

6. LightGBM BAEALHE B AT AN FHRA

N T AL XGBoost IS, 3t HLAERS Itk GBDT 7Y (Il Zhid i A AR FHEHER 2, 1EE411 GBDT
Hik b, LightGBM fit 7 R k.

1) 3T Histogram (B J5 ) H e SR 59%

2) Bk RAE Gradient-based One-Side Sampling(GOSS): i ] GOSS J5i%, I LA H] K A5 /M i
EL> RS R HAE 529, o B E A S B 1 B F R AE TE RS B A A, B 2 (R AN R E
FHEL T XGBoost & [ A FFAEE 1548 7 AN ITE .

3) HJFHFMEIREE Exclusive Fature Bundling (EFB): A TiAF¥ N H K, {#H EFB J7i2, KiFr£ H
JFIIRHESR 58 A —RHE

4) T IRERRHI Leaf-wise FIHT-AE K IEMS : (R VAR 241 4% 2 A2 K (level-wise) A X 43 RO 75 [F] — 2
R, FrLARZ %0 GBDT L B ¥R SR A= K S A ISR 4% 2 AR, PR TIRZ I LB TR . S
br BARZ 07 1) 2 Z4IE 25 A, A BT IR A3 2L, LightGBM ¥ FH 1 7 A IR BE BR Ml (e AR K
(leaf-wise) 512

5) BEL#ESCHFFFRIIRAIE (Categorical Fature).

6) SCRFERIFT.

7) Cache i 2 Ak

LightGBM %1%} XGBoost [k HEAT ik, SR1 S8 b N BRI AR AT A, A SO L B0E F T 1E 4%
HE F AT RT3 I 45 B AT P XGBoost HEAERTE, W8S PRSP ROR [5]. 420 K
RS EHEE, IR S 0.25. LightGBM Tl 45 5 fn 3 4 Fon:

Table 4. LightGBM prediction results
5 4. LightGBM Tl 25 2

T = IR A [\ F1 AUC
VIS 0.99 0.96 0.98 0.97 0.99
MR 0.98 0.8 0.88 0.84 0.99

SRTRIE S 7 HLRH RIS ) 500 I HLA RCRIE, 7T DU thIE e 2 VI ZRAE R R IIRAE, 1244
SRRRIAAE AR TS, MR XGBoost A4 E T LI 4 )15 15 B HLAR A
7. BTN B REME A EELB T AT AT TR AR ML S 551

MEHE ) XGBoost Tiill4: M kG, GEMEFRFLS 0.99, HiHEHN 1.0, HHEE 096, F1
4 0.98, AUC 1H N 0.99. MPEEHLARFRTNSE KA, HERIZ 0.98, K% 0.43, A% 0.98, F1{EN
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0.6, AUC {54 0.982 # Z [BITERE R 7 HAF AR BRI 22 57, XGBoost Mk s 2 45 20 . = T B A LAR
PRI LR, IR =875 FLBUE T AR ZE R, 476 KE, XGBoost 454 BENLARM TN, BEMEIR
ANEEHLARARCE A 15, KSR, F1 BE A Z. Lightgbm TINS5 R 5 XGBoost il 4 5 2 845
BEg—t, MR 0.99, K% 0.96, H[F% 0.98, F1EH N 0.97, AUC {EH 0.99. 24 [H I3 Tl
28 RS N LARAR TINS5 A B R, HERIZE AUC, S5 3Ab LR 7ML, (BRI N 0.45. F1
HE N 058, MIX—Hdls oA T LUE H, SRR 2 38 I BB RS 0T FH P K 04T o i i RO A AT A
P IF AT — N BN AT AR, X — P BOA U T HLES 3% S R P R UL, SRR ] = VT T
7R R R B, o} DU Fe SRy AT B T L8R 2 ST O P AT A B o b, 45 S TSR, RefB IR/
— 5 ) ARG IR T ARAE B 2 AT 45 SRR EL I B, B v B 0 S MR R

G kA, BB AT AN EEREZ —, — A BT 27— SRR AT H R K
RS, BRI RN e B EE B R I R B SRR, LA S SR F RS R
a7~ P AT IR SEARFAE, TR 5 2 78 0 ) FH I SRR AR SR IS0 P R — AN s AN TR S A5 2 2 18]
T ER M AN TIRe, RIS A AT R, RO R RO I, TEAT R TION  ARR R

U2 T, e fig s %
R B Z L] 3 Fio:
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Figure 3. Feature importance
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A DVE A E RS, G SRR IR R B, BRSO AR S AR PRI AR K
8. BF XGBoost EiEMiERIRh4

BRI — AR A G 75 302 XGBOOST + 4[4, i 5ok it & il ik XGBOOST #5254
A5 BB 38 B AR AE , 38 T X A (] VA AR TR o X S R AE BEAT IR, BRI IR . 5
TR A 2 XGBOOST + #HHET + JRUGEEE, 1R WH a2 M8 B R AE 2 5 BRI\ R G R E
HEATINZR. 3B =AM XGBOOST + bp MM 4%, #iJia—4> /& XGBOOST + bp M4 + JFRIAkK:
fiE. 13245 0Nk 5 fros:

Table 5. Model fusion effect
5. EAREHWR

AR F1{H = MiRTIESS

Xgb 0.8418 0.7982 0.9897

Xgb +1Ir 0.8456 0.8051 0.9899
Xgb +Ir + J5ilh 0.8477 0.8086 0.9900
Xgb + bp 0.8297 0.7982 0.9888
Xgb +bp + JFh 0.8371 0.8284 0.9889

FTLLE Y, XGBOOST il 45 M AN FURFFIERCR T 4f, M ER SN B, RS IR SRR
IR, DS R & AT LA B I ROR . I3 — T HIRTE . I SR A4 AIE AN I 46 5 i I 2R 2%
R, Bk, R AT TIN5 T, R DUCRBOS A i HAE 0 SR A AR A U7 SR EAT I, B v A
B, i) S BOICERSHE, S B A KRR

9. ETFERSAMLENELB TR WRHEIN

F P ANE TS RS RE 6 7 FH P AT R0 P 0 SE T4 2, dl i B P AT RS AE T T R A A S
TN XFEAER T J7 1, w] DSOS e e S0 A 0 (8 0 F P BEAA, D HE BiAR . D 7 SR e K
FULFAGHEE R, WAUE Stz 88 FH P I S SR DR, ARSETRY F £ it 5 il FH P A ) s e [
T NP G R AR AR R s, 3G P SRR

B e PP A 22 B 1Y 1AL 5 1

MTRIER 2K 36, XGBoost Al LightGBM Il 2k 5 FIIAEE 43 1) 9 0.99 #110.98, FLU & FEHLAR A
5391179 0.98 F10.97, 4 [A1)47y 0.97 1 0.97. A LAE HAEHERA = J7 1, XGBoost H1 LightGBM K I i i «

MNTRIIRE 22K 3, XGBoost FIYIZREEFTIIASE 7374 1.0 1 0.84, HIKZ LightGBM 73724 0.96
A10.8, ZHE[EIH N 0.45 A1 0.41, FENLARFRZ: 54 0.43 F10.4. W LIE HAEASHER J7TH, XGBoost F
4, LightGBM FRIMZ, BEHLARMAZ 5 R I TS .

NI [E] 22K 3, BEALAR AR I ZREEFTINAEE 53 51 9 0.98 #110.95, H K2 LightGBM 73724 0.98
F10.88, XGBoost 7354 0.96 A1 0.81, iZ# (|14 0.82 F1 0.81. 1 LLFE HFE A [ J51H, BENLARMEI
Blf, LightGBM Fl XGBoost IR 25, B H[AIHRDIETT .

T FLAE K3, XGBoost HIVIZREEFMIXEE S 54 0.98 F1 0.82, HIZ LightGBM 43724 0.97
A1 0.84, BENLARARZ 54 0.6 A1 0.57, ZHE[EIJH4 0.58 A1 0.55. W] LAF H7E A B J71H, LightGBM Al
XGBoost K tif, BELARMANZ 5 [0 AR5 -
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XF AUC, #ERZEFEAK, LightGBM A1 XGBoost 174 (5 4/t 3

HEARRE LightGBM A1 XGBoost TRl HER 2 (5 A XL # o 245 XGBoost Il 250 T i) 45 J0 AL 1
75T

B, HTHEHBEMALS N TR AR URIUE B @ e KA —2, RS 5E%RIREKIHF, K
SR P E B AR IR, BRI IR A kT T DU E A E R X R Hik, A E s
mioraledesnt, BIN, B, S2PE, TUML B, BUMIL RSE. HTRH. ARG, EEON—ZAE— IR
e MW AT LS 5, vTUEM: AP EEMAER IR m= WL, HELENE;
— TP EURAS, WS P HCE =, AEERR G, ZAIMTHARE =, BARE T, — T4
W R F IR R K 7 1] .

SRS

1) H PR =R JE5(7.84%), IRII(7.79%), LifE(7.28%). FI4kLEE STEIZ =4
WATIRNIET

2) B —IRTISERRE NS R 2, UL A AR R SR, T E SO — I .

3) T NBEEF KR 90% LA FAE 8 KRLAN: B3k[AIFG 90%LA F7E 2 KUK . o & sk BE HAR R4
90% LA 7 60 KLAK . 60%HIFIE T FCA MRS

4) LightGBM, XGBoost, BEFLARMFIZ 5 M A% BEALFM, LightGBM F1 XGBoost Tl 2 i it
#

5) i XGBoost #54, li £E( 15 L 0.25) L4 kR 24 0.98, AUC Ty 0.99: RFAIF 55 B4 5 /5 11 top 10
9= coupon (1t B 27); distance_day (5 i & 3% FEHAR K £K) s study_num (BRF2H & %) ; chinese_subscribe_num
(FSCA AT T %) course_order_num (A AR SE T BEEL) s camp_num (FFER%K); first_order_price (&
IR N BN HR); coupon_visit (L 2350 % k) math_subscribe_num (30244 A5 3T %) learn_num (i
T2 2140

JEEAK, HETHLA S MELEE AP AT N, 55 2R OA R SRR, MG R
B, ATREATACE ST, RATRESRTHZAGRE ), [ FE F 0 4 PR e i AL 5 SR WSl B AT
I RN, BUE BB TS5 B8 E . LightGBM A1 XGBoost R 2% 2 1 4 il a1 B i 20 #r
SEIOASHE, JCH IR A FL HOE RIS R J7 T 2 2% S 35 R 35 o R P 3K 7 T A 2856 B K Ak 2 P B0 408 g 2
I HAMEE R ST 2R IF R IGIE,  Re 0 RO AR P BUNEE ) 2 ot e bR & .

FERIH P RHE, B R RHEIE RS B BON A SN T E, B ARSI SR B
R B il NSRS e A SRS o v B B O P I B A, DU R AE R SR T T, B A R
BB B A A (A0 B 3 R 7 V2 DA R A B 5 T8, 7 o J 6 Wt B 8 R A R % 0~30 RIS, S A 7 1t 28
RV, R AN AHEE TSR, WA F RRAEE S N, X3 RIF AR ROR, B TR e Tl
PIRCUEEE, VR P B SERIAT AR, S T R R B o A %, R P A T
INAHEU AL, EEVEMEE b, RRICHBIRZ IR N T SN HIRZR, d B8 7R 2% B 3 S 4
MRE, SRR RS EAASEN B, RRIETH B 0T LR, = L] 2R 7
PrIZTH, ASFESERS LR RO L2, LA I NBhAS B R 7 i Bk AT S5 IR .

R N6 175 100 LA B A R I s 0 B AT T ) L

1) KHEBAI I S NFE B SR AUAE 8 RUAN s MAZHAE = WU A B (B e e, 6 B4R

2) MR NFFEEREERIER/NT 2 R, W THUE G R NN 24 EAETE

3) WAL NBEE AR 7E B B BRI R R 0 2 30 K, 1 I 3 A IR 40 % 8 3k 10 ) Y 0% B A e R
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4) ir It Ha g B IR R AN T4 T 30 MIFALRDy 0.61, R AR A7 F P i

e, 30 RAIAMEE FAHERE

ANE]

5) ARFEAAL YL B A 257 LU I A R . e S R R . RIS, e
SERFAEXT PR K, F] B S3E HY FRIX S RFAE
AT IR B AR AT 73—, @S 2] T EERE AL &2 IR S R, AR

WA R X R R A BEAT B TIPS 75 BEAR R AR HEAT RS, TN 70 SR RORIE R AT AL, P e Ay B2 AT LA 2
T2 AT UG AE AR, AR S bR Bt A ATt Bl

SE

(1]
(2]
(3]
(4]

(5]

AR, Rk EHEARCR R, BURILL 2L F, 2021(33): 127-129.
Tt HTHOVEY G A LR AL FAF RS ERS BAD] IUURLHE, 2021(36): 128-129.
AR, ], TR, ST IR AR A I SAT A B[], THEALRH, 2019, 46(9): 190-194.

Koehn, D., Lessmann, S. and Schaal, M. (2020) Predicting Online Shopping Behaviour from Clickstream Data using
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