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ABSTRACT

When we buy items in online stores, it is common to face recommended items that meet our interest. These recommendation
system help users not only to find out related items, but also find new things that may interest users. Recommendation system has
been widely studied and various models has been suggested such as, collaborative filtering and content-based filtering. Though
collaborative filtering shows good performance for predicting users preference, there are some conditions where collaborative filtering
cannot be applied. Sparsity in user data causes problems in comparing users. Systems which are newly starting or companies having
small number of users are also hard to apply collaborative filtering. Content-based filtering should be used to support this conditions,
but content-based filtering has some drawbacks and weakness which are tendency of recommending similar items, and keeping history
of a user makes recommendation simple and not able to follow up users preference changes. To overcome this drawbacks and
limitations, we suggest weighted window assisted user history based recommendation system, which captures user’'s purchase patterns
and applies them to window weight adjustment. The system is capable of following current preference of a user, removing useless
recommendation and suggesting items which cannot be simply found by users. To examine the performance under user and data
sparsity environment, we applied data from start-up trading company. Through the experiments, we evaluate the operation of the
proposed recommendation system.
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Algorithm 1 Weight adjustment algorithm
Input: W, R, AdjustmentFactor(af), Similarity graph
Output: R’
1o for(i=0; i<n/2; i++){
/frank[i] = product id whose rank is 1 in W

2 Taki] = Trank [irank ei—i) 2t (n/2-i)/(n/2);

3: Trank n—i-1] =~ Trank n—i—1]"Vrank [nfifl]*af
*(n/2-1)/(n-2);
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Algorithm 2 Simularity scoring for every item
Input: W, R
Output: T(top k items)

1: Initialize S with 0;

2:  for(i=0; i<n; i++){

30 for(j=0; j<m; j++ )

4: if(i!=j && p; does not exist in W)
5 STt

6: }

T}

8: Initialize T;

9:  for(1=0; 1<m; 1++){
10:  for(i=0; i<k; i++){

11: if(s;> score of T[i]){

12: push T down and place p; in T[i];

13: sort T;

14: }

150}

16: }
w
wy Cw,p; Cw,p, Cwydm
L2 sz,pl w,.p, W, 0m
Wn Cwn,py Cwnp, Cwn.pm

S =

Fig. 4. Scoring Simularity between W and all other Items
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