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Abstract

With the development and popularization of the Internet, the number of visits to personalized
e-commerce website is huge. However, it was found that e-commerce websites gave less consider-
ation to users’ search intentions. To solve this problem, this paper uses an incremental Improved
Collaborative Filtering (CF) Recommendation Algorithm (ICFR), firstly, the CF algorithm is used to
obtain the relationship between user preferences and recommended products and e-commerce
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websites. Secondly, the user’s browsing information was obtained by analyzing the network logs,
and it was normalized as the scoring value. Finally, the designed incremental algorithm is used to
update the historical user preference data information. We illustrate the application of the ICFR
model to personalized e-commerce website recommendations through some examples based on
the ICFR model.
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Figure 1. Architecture and work process of ICFR
B 1. ICFR RYZE40F0 TAERIZE
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Table 1. Normalization algorithm program flow

F 1. A—UEXIEFRE

Input:I" = {H{, Hy, .., Hg};
Output:y = {T, T, .., TS},{l <i<ST; = (uidmity, Nidentity» rating)};
fori=1toSdo:
rating = 0;
forj=1toN,, do:
if value,,,, is Boolean then:
if byaue is True then:
rating = rating + 1,
end;
else:
min = Min({Mj, b,,aluele € BS,value,,,, = numerical value});
max = Max({M,-, bualue|M,- € BS,value,,,, = numerical value});
(Mjj,byatue—min)
=
max—min
rating = rating + X;
end;
end;
T, = (uidentity’ Nidentitys rating);
y-add(Ty);
end;
returny;
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Figure 2. Process of recommendation system in the server
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Table 2. Cache factor algorithm flow
# 2 SREFRTFEEMRE

Input:u,; Iuc; Iuc,uC;X; Y; P; RTuC; UIM;
Output: UUSM; Updated UUSM,;
Normalizing (Rfuc) — update matrix UIM;
fora=0toN do:

getl, andl, , frommatrix UIM;

c hg,uc_ua = Tucy, N1y,

if Chgy, = @ and luc;, = @:

there is no change in matrix UUSM;
elseif Chg,uc # @ and lucy, = @ then:

execute formula(8);
end;
update X; Y; P; sim(u,, ug) in UUSM;
end;
return UUSM;
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