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Abstract

The research focuses on the application of personalized recommendation algorithms in the field of
e-commerce. After systematically summarizing mainstream recommendation technologies, innova-
tive strategies are proposed for traditional user based collaborative filtering models. Based on the
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integration of user static attributes and dynamic interest decay mechanisms, Redis caching archi-
tecture is used to improve computational efficiency. By creating experimental scenarios that simu-
late small and medium-sized e-commerce platform environments, empirical analysis is conducted.
Compared with classical methods, the improved algorithm not only improves response speed, but
also improves recommendation accuracy, thereby promoting significant optimization of important
business indicators such as click through conversion rate, repurchase frequency, and platform total
transaction volume (GMV). This confirms the feasibility and certain value of the proposed solution
in practical business environments.
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Figure 1. Composition of personalized recommendation algorithm
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Figure 2. Collaborative filtering recommendation process
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A 0 FRoRBUE T
MR IR P GBI A AR A AR R AR Z2 01, A% 2 Bip ) do g e B0 St B B 1k o R vk, e 8o
S LT 55 6 [A) H ARTH 28 R I 7 ol (1) e
F P AL RE T B A
)N RPEES U, HP - P AR RRIuJ[FR P u 6FR & i PRS0 RoRARTFAT)
/N P ERAS B YE T user static attr(key: F S ID, value: {HRMV: str, P51 int(0/1), fE#%:int})
/1 F N P S AR 28 ELA ] 7 8 user item time(key: (F 7 ID, P& dh ID), value: 32 B [E] 8 timestamp)
I HIN: S o (BSBEBHALENRE, 0<a<l). B @EIEILEFLUENE, B=1-0)
/N TSR BB m=0.8, n=T(FE DB EIRGE R, AR L 55 T 4)
/it FH P AR HERE sim matrix(sim_matrix[ul][u2]ZR P ul 5 u2 MZEE LR
1. WG 2 ARBURE A6 FE sim_matrix A4 0 FEFE, 4EfEA len(U) X len(U)
2. X% (ul, u2) where ul < u2(iBE 4 5 i1 H):
2.1 THEH P ES R AL sim_static:
2.1.1 $2HC ul Ml u2 IFEASJEME: attrl = user static_attr[ul], attr2 =user static_attr[u2]
2.1.2 TFEBULARLEE sim_job:
- Fattrl. ML == attr2. BV sim job=1.0
- 0 AL R, SRE S BRME Y AUFE S H(ul_job, u2_job), sim_job =1/(1
+H(ul_job, u2 job)) // &I ARLLEE #E
2.1.3 THEAMERAHALRE sim_gender:
- #attr L PR == attr2 M 5)]: sim_gender = 1.0
- &M): sim gender = 0.0
2.1.4 TFEAEBAHLE sim_age:
- age diff = abs(attr 5F#8 - attr2 5Fi%)
-sim_age=1/(1+age diff/10) // FEZRIEMN 10 %, FLEEFEAC 0.1(AT % /3 B &R
#)
2.1.5 INALTE S ER A JE 1 S A AL RE (B EE T AR B L S5 R U R e, b Ab RS wi=04,
w2=0.3, w3=0.3):
sim_static = wl*sim_job + w2*sim_gender + w3*sim_age
2.2 THEH P A DSEAHALEE sim_ dynamic(fli & I H] 298 1 VE 2 FHABLE ) :
221 H ul w2 EFEPF R A L common = {i | R[ul][i]#0 and R[u2][i]#0}
2.2.2 # 1 common 7'j : sim_dynamic = 0.0, BkZE DI 2
223 iH5 ul Al u2 78 1 common b ¥ (] 5 65 P40«
- XIANE i € 1_common:
- tl =user_item_time[(ul, )], t2 =user item_time[(u2, i)]
- current_time = F 45 A I [A]#K
- delta_t1 = (current_time - t1) / (24*3600) // #H K
- delta_t2 = (current_time - t2) / (24*3600)
- decayl = m~(delta_t1/n) // BfIHZEYRRREL, SHHF 5 (T)
- decay2 = m”~(delta_t2/n)
-R decay[ul][i] = R[ul][i] * decayl // ZEJSaHITED
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- R decay[u2][i] = R[u2][i] * decay?2
2.2.4 TG VESr ) Pearson A REU(SHE W A(1)):
-avgl = “FHAR _decay[ul][i] fori € I common)
-avg2 = “FHER_decay[u2][i] fori € 1 common)
- numerator = sum( (R_decay[ul][i]-avgl) * (R _decay[u2][i]-avg2) fori € I common )
- denominator = sqrt( sum( (R decay[ul][i]-avgl)*2 for i & I common ) ) *
sqrt( sum( (R_decay[u2][i]-avg2)"2 fori € I common))
- sim_dynamic = numerator / denominator if denominator#0 else 0.0
2.3 WEM P EREHPUE:
sim_matrix[ul][u2] = a*sim_static + f*sim_dynamic
sim_matrix[u2][ul] = sim_matrix[ul][u2] // FHLLREERE R FR
3. X sim_matrix H AR AEEAT UH — PLAR B (WS 2210, 1]IXCTA]):
max_sim = fz K1H(sim_matrix)
min_sim = #¢/JMH(sim_matrix)
if max_sim !=min_sim:
sim_matrix = (sim_matrix - min_sim) / (max_sim - min_sim)

4. IR [EH AL R RS sim_matrix
3.2. iR EHEFEE AR T

3.2.1. ETERAETFEHEEMEESGE
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LCA {ENEATMILE BT i, RN DUZR R BERERIR my n (BIHIBEES, 129 H(m,n) [7]. 4 AR AR
RTS8 B Y A BR8N 00 ARAXT T i BRI m AR P 5 BRI A
n, A WOVRFAELAEFE A ARLLEE o] DLER LR A 20347 PP A
H(m,n)
—H , M#Hn 3)
1, m=n

Bt ELA s M T PR IR P IR DR A AR, 2 m A 3 RO A AR AE
DU AV 22 TR] FR) 1 ol AR AL RT AR A R Sy A U7

M(i.j)=

0, m#n

S(i, j)= {1 “)

m=n

FERS SRR RFAE BEAT P R R SE I LAL IS s & my n 2O 6s j RISEEAS R, T 35 Z 1Y
FRBLRE 552 ST R A

1, m-n<6
A(i,j)=1 5 s ®
m-—n ’ B
6 4). 3 (S)REME SRS A 2 KR AR AL -
Sim(i, j)=aM (i, j)+ BS(i,j)+(1-a—B) A(i, )) ©)

ANX a1 pRIR TR EYERIBCE 35 H 7 BRI, PN T 1.
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GIN A R P T N ) 2 ok R B 1w, 1), T RARTR P 241 O e 6 DAAEAT D9 i EAE B ek ) A o XA
2 i 2 R Y B PRI ZE 0, 11N, BB O R R Sl s B A 15 B 8 LG B8k = 8
ET R R B SE DI T DHRBE I 1) 3210 R B (n3(7)), IR BT TE 1 7 R I R AR A X FE
TS HER R A R R
e, Y
(2] o

X 2om, n BINEHSEG O, )RR XS B RS S K07 R RN o S8 B E m, o B BUE
T DK AR BRI ) 48 2 (s M A AT Bl &S R

3.3. Redis ZERIIT AR

3.3.1. ZFEITBRS%ROEFRIERE

Redis Z2 47 13T LAFRARMERZ M N2 18] L 31208 SR LK) HF AR BRBE T %0 B b, ARFEHERE SIE I AT
TR DA T~ 6 B U7 1) (R A, W Hh =R D A B . P AR AU ) 45 SR B 2.1.2 it B
(K3 FH P £ 5 AR DA BERE R o 5 i ) e A8 el SRR T R R e SERTRAR, A
] DA Y 5 R ARAT Pearson AHOG R BRI &S B MDA 5.~ P MR ECE , BV S 1A 7o 58
GAdsw . i A A AR P ARk 1 8 Ul R 50 A B I ) i SF BB, X Bl 2 HE R B S A R HE R B 3R ) 3
fifl, BRI GA7 2 S5 AT LA P AT O B P B A . B = AT S AR A R 22
. AT DAU H 5 EBIZ) 09 60%ME S B 7 G St SR AEHERESIR, 4775 Topl00 #4[']
e, ARSI R A FE AN R TT 5

3.3.2. Redis ZERASHBEEEIT

K 25 W B S AF BB R AT A, X T P ABLEE ) 25 SR Sorted Set A7, “ HbrH
FUID” FEREE, “HUA S ID” AENRL, “HAEEAE” 1R A58, v LAFHEARALRE B /7 PR SR X TopN
AL P, B (R 42 B 0. F P DGERHIE SR 18 FH Hash 76, “H 7 ID” 1B, “JErEgsay”
AT RBR” AENTFE, JRMEEBE AT AVIRMENE, SCREETFBREMIEL, BB fehim. #07
T o DA SRR 45 A List /76, LA “FATTR AR B3 “H P ID_HEFE5IR” fER%E, & a ID /B
KAMITTER, IR BHEFR S B AT HEY , o] DAL SR A4 3 i HERE 51 3%, I H R Redis 1 Expire
A R B AT (i BR8], CRAUE S R 8
4. LI 4T
4.1. MR ERREES

U FEiE T DAU 4999 10 73, FIRSHUAE] S0 JTRIH AR T £ S fE LA R, BoE T
FFL 30 RIHHE REMN K, = THE AR, KA 2024 4 1 A& 2 HXBEE AR A IE(EL 52
B, FIEESE 3 H o MsLbris (E R G/EMA S AR AE, I 2 W & Fh T2 S 2 0 ok 1 22
5, M JER EATHER FUE AU R 28 i P AR IR Y 25 0 R 98 (User-Based CF), #4043 ok e A& G 41 4E
FHERIT RGN IR 9]
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4.2. WX FeFrisit
M O“BPERE” MV SRUR Y TANEE TR SR, 4R IR 1 TR

Table 1. Test indicators

= 1. Mk EtR

EiEp it EiEp e i WEAR

HLTERE A 0 L[] M 2 A2 17 SR B SCHE 32 51 2 1 32 B 1)
HLMERE HEFR HEH % HEFEF 2 rp R P ol s B o A A T

N EE iR TR T S 0 O P R P s A T P
NZ:% ¢ % 30 K PEIEHERE SE AL 2 Y LA S R P 0 5 06 S P 4
V55 ROR GMV MK Ifig & (MARAH GMV — XHEZH GMV)/XF R4 GMV x 100%

4.3. MRERE S

4.3.1. ExEMgExtke
B L S G S REFE AR HEAT X T b, 25 AR 2 FR:

Table 2. Comparison of algorithm performance

2. BIRMREXTEE

Hk L2 A B 7] (ms) HEZEHETR R (%)
IHERE 50+ 10 182+23
f£4t User-Based CF 220 +35 295+3.1
AL 140 + 20 418+35

SIS S5 SR, BB AR M R SRR A M S BE AR AEFE I E RIS, R Redis ZAEH:
A RAF T AR 7 W] G 2 Ja, R AL BRI K [FIAE 4L 1 User-Based Pip[A]i 8 (CR) B AR LU 4598 T K
2] 36.4%, AZEIENTHE B AR S T RSEREH T 757, (AR T DURR e R B R & 200
=R FIVERET SR XANFIEKEE Z A AT NRHE S B PSSR BE@ THESS,  SSOMHETE v 1%
FHXT TAE S ) User-Based CF MIFLALE B ISER ISR YE, 04T T 41.7%M 130%, 1REFHIZRI
HH A AR 1 B A48 AR X T ()R T4

4.3.2. M EHRIIEE

AR FIEFE T G E S AR AR P B ENSLIGre AR, — 4 RN, H—4%
444t User-Based B [A/id € 757, #r4E 30 RPNV S S8UEE RES KGN Lo b, BARgE Ransk 3 pr
TNz

Table 3. Comparison of business effectiveness

3. A BRIIEE

Ei=tan X HEZH (16 5t CF) TR (S0 %) SRTHIE
Ml (%) 87+12 124+1.5 42.3%
2 (%) 153+2.1 19.6+2.4 28.7%
H¥1 GMV (Ji7t) 486.5 +35.2 580.3+41.8 19.5%

DOI: 10.12677/csa.2025.1512338 235 TFEARY 5N H


https://doi.org/10.12677/csa.2025.1512338

TKEE, K

AR R RIS RIE 2, Otk 2 5 R R e R AR ACR AR H W, r dh UL BCTh R B2 i
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GMV B TTRRA /N, L SCHE BXE A7 I3 07t e e 2 B K

4.4. ERESH

AT T M T 52 25% FRE M 22 ) 2 2% FESX PN M 2 e, B T R 77 S0 DA K 2 3 ) Usser-Based
Collaborative Filtering (UCF)BERIAE IR, XX LT vA MIVERE FEIT PR o JH I SEIG Bttt 17 4t it ok
TR IERIBATIA, FFSE & SERRI N PR SR BEAT € B 00T, MITTIRIEA SO AL T SR AE
e B AATWREEARSS, RSB BRI 7T ARSI R

4.4.1. REIEZEDH

T THERE : AW TUARFER S 52 A FEBEL , e BN IRAEFE L DL KL 22 M User-Based Collaborative Filtering
(UCF)BAUE 0T EERE G, A THARTT & A7 VE IVEREARF AL, 28 BHR A SCI0HIE IF I AR o 3 B oK VP 5 %28
FERSEbrs ER G, IR N RS AT, DAUIEB BT i e R T RAEF ERA IR
ST AE ) R i 5%

{4t User-Based CF: %O JFAHLE T F P AR EE THSE AN H1 SAE 1, FH P ARABLRE 5386 177 w AN )
PIPZHE, Bon F P #EEDUEC AL [R)VF 20 B RS i T 055 Pearson AHOC R 4%, RT3 L AR M 802 v, XA
AT IR BER S O(uPv), THEFR SR A st Bk [ H AR FH P (%) TopN AHALH = SO RS i, B2 2
9 O(Nu), Jr DLEARI ] 52 2% FE a2 O(u?v + Nu), BEEHH P EE u I REF 7% BT, R IEAE.

ASCHG SR AR RAEAL G P A R B (CRRIE ISR b, N T S B v A, IRk
TH T I TR AL R S I e BT Forr, XS 8 I (AL FEAN T3 2 O(1) M [a) 52 4% FE B AT S8 1,
FEM 2 EFPAT — RIS TR SR el U, D06 250388 o A S [ 7 i 1) D0 SR 52 ELAC S A REAS HH A A4 ARABLE PPAR
SERRFFARAIRAE T O(uv) BT 20 P HERE I R i A B 45 AR SR I 45 28 B I 7 ¥ 20 BRI K 350AH
[FR219 O(Nu), 1B Redis S2A7 I LEgi 3 Z 15 o] I E 9 5 DA P B 0SSN 21 b B is
(1) B B I 2 A A e T O(1) I PR S BT XA A5 4005 M FE R 1) g B ROR PR M S B Biah R
BT () S BRIEAT RCR AR T 2 AT B 7 R 5 T 20% A B HL H B .

4.4.2. BEEREDH

IR %07 R R TR A R O L% BEATER B P HESI Y Top N I 5, HAtRIFR R
ST RHCE n Z ARSI K R, I HEA Ot E B 2 . X R e A A IR BER T 0 A
FHIIHRE R

f&45 User-Based CF:  ZEIA B 7 - 7 i PE 43R5 B LA K P ARACLFE SR B 1) i 0 i, 408 3 P 7 1) 28
(B 52 2% FE VLR O(ui +u?), M THIIG KRS EH R A BB U, R T VP20 0 o B B S5 A i e e LR Bl
JI 2 SUE AL BEFE AR AR AR IR, X PR R B 20 R RE ™ A AR 5200 I 51 K BERIR R IR

AR SCHGH S AR TR T AL DU P ERES R MR O(u) 7 22 BN JE] 7 41 7 B O(mk) DY
SXFERE O(ui) S AHBLEE AR B O(u?) A% O IR B 2R BRI 43 BT DA R B 1k 2% 8] 52 24 M K 2028 O(ui + u? + mk) s
g FBAZET L. 158 Redis #1 Hash 2. SortedSet 25 i 5 50 7 20 0A B % F i A5 B HOHRG A1 77
HRI AT Ui e HE 22 R U7 ) B0 0 T E , TEIB 1B LT BEBE LU 2158 25% 75 A4 IR S i A7 75 oK
M N R G FE T f5 2L R b .

4.4.3. WEREZEEVE
AW S REERE T ARERT” LA “ TRUSEAEAR” M, EHERER
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