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Abstract

In the real world, the user's preference for a particular product is determined by many factors besides the quality of the product.
The reflection of these external factors was very difficult because of various fundamental problems including lack of data. However,
access to external factors has become easier as the infrastructure for public data is opened and the availability of evaluation
platforms with diverse and vast amounts of data. In accordance with these changes, this paper proposes a recommendation system
structure that can reflect the collectable factors that affect user's preference, and we try to observe the influence of actual
influencing factors on preference by applying case. The structure of the proposed system can be divided into a process of selecting
and extracting influencing factors, a process of supplementing insufficient data using sentence analysis, and finally a process of
combining and merging user's evaluation data and influencing factors. We also propose a validation process that can determine the
appropriateness of the setting of the structural variables such as the selection of the influence factors through comparison between
the result group of the proposed system and the actual user preference group.

Keyword : Hybrid Recommendation, influencing Factor, Recommendation System
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Table 1. Similar system comparison chart(@: possible, existence ©: partial possible, partial existence, X: impossible, not present))
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Fig. 5. Verification process
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Z AYo g A E gl Age 2712 AE+ Cutting
774 3} Konlpy®] Okt(#7 Twitter)2te|BejelE &85t
e A 257, dol9 HH HEE ofjdel vjF s 7o)
A PR R B HolE Y] ok B=F A &
g ARl 2 B A HFs JYsiA Hrk
gtFsly] ek 27 B A E &8 7Hed
CNN(Convolutional Neural Network)!*1& &3l -2 3}
Rom shgoll &85 57) HelHe 157 B7F FHE

pad

(

[¢)
Estal At %:"ir?? St RdS Fell HolH By
I

47H«1 /‘1 oE 1 (3 7} 101 g, 7]**74

o S 71*&23&% AR %

« 57} BB e FEAR latlonS B Q7] 98 I}
BEVNZ o] Fo FrdolH, S:¥-3A] FFrlolH)

: lati, loni = m(S.lat,S.lon)(S)X(S.name=Ei.name)(Ei)

get_coord(Ei, S)1{
for(s_item in S){

if (s_item.name == Ei.name){ |
coord = [s_item lat, s_item.lon]
break

}

// Return to sightseeing spot coordinates
return coord

T 6. BN XE S
to

SIAIRE

Fig. 6. Pseudo code to acquire tourist spot coordinates

« HFA Fx8 7P 7bE AR el A54 FH(04d)E
A7) 98k AAH0:FF4 dlolH, dist(latl, lonl, lat2,
lon2): 5 ¥ Alole] #3))

: Closest_obsi = 1(0.id) (DNO O.id MIN(id) KEEP
( DENSE_RANK LAST ORDER BY
dist(O.1at,0.1lon,lati,loni) DESC )O)

get_closest_observation{0,coord) {
min_val = 99999
for(o_item in 0){
// dist(coordl, coord?) : Distance-returning function
d = dist{o_item.coord, coord)
if(min_val > d){
min_val = d
// Save Observatory Code
closest_obs_code = o_item.code

// Return Observation Code at Minimum Distance
return closest_obs_code

J8 7. 71 T2 BEA 85 oAMEE
Fig. 7. Obtain the nearest station Pseudo code

Q71918 AAW:71% 3771= volE)
: weather=(Ei) X'W.date=Ei.date(o(W.obs_id=Closest
obsi)(W)

get_weather(closest_obs_code Ei W) {
for{w_item in W){
/7 Filter records from the closest observatory station
if(w_item.obs == closest_obs_code) {
// Weather records that match the evaluation date
if(Ei.date == w_item.date){
weather_condition = w_item
break

H
// Return the weather record
return weather_condition
0% 8 g¥es S oimc

Fig. 8. Influence factors acquisition pseudo code

E2 42 E
Table 2. Merge criteria table

standard code Contents
3.2 ~ 6.1:Spring
6.2 ~ 9.1:Summer
geason S0~3

9.2 ~ 12.1:Autumn
12.2 ~ 3.1:Winter
Les:z than 6C(cold)
Average B6C~17C(cool)
C0~3

17C~28C(worm)
28C or more(hot)
Omm(none)

temperature Daily

e Less than 10mm(small)
precipitation BO~3 )
10mm~50mm(medium)
50mm or more(huge)
Holyday/Week day

Closed days H/W
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SN Class_code Theme1 Theme2 Rating Theme_nameSites_name  lat lon review_count!
SN00024 S2C1BOW 2 461 UNGHE WEA 36.8065436 |127.0322299 10154
SNDOT79 S1C2B0W 439 dHHE FEUR-SE6.1636815 1265226424 10124
SND0015 S1C2B0H 435 FY/EH  OHUALEA 36855300 126978152 10084

5

8
SNODDSB S2C0BOH 6 427 Fbt RO 367080102 (1266103935 1000
SNDO103 S2C1BOH 2 416 ANFHA Sy 36.4647404 1127.1238917 9934
SNDO145 S3CIBIW 5 43 HET OE 36327136 (1265109855 9834
SNDOOD6 STC2BOW 4 427 B3 MElthn 36943241 [126819263 9784
SN000B9 S2C0BOH 2 448 TRARADEA 36558543 [127.012035 9614
SN00121 S2C0BOW 7 442 AZE=3T 36433306 (127212843 9534

J2l 9. BA HolE & 4 o ZdutE
Fig. 9. Rating table and merge process output
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Table 3. Experimental use learning parameter

parameter value Contents
embedding_dim 32 Dimension of Embedding Word
Vector

Size of filter. It acts like the kernel

L (3.4.5) in image analysis.

num_filters 128 Number of convolution channels

It deals with the weight of neurons
to be learned during learning. It is
possible to prevent over-fitting.
The lambda value of the 12
normalization. The degree of
normalization can be adjusted.

dropout_keep_prob 0.2

12_reg_lambda 0.2
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