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ABSTRACT

e-Commerce recommendation service is an essentia function and plays an important role in increasing
sales since it is provided in connection with functions such as product search, order processing, and
shopping cart. This recommendation service requires a high level of technology from developers
developing e-commerce, so it is developed by a specific artificial intelligence engineer or applied by
introducing an external recommendation solution. Integration of recommended services by external
solutions or external development companies cannot satisfy the requirements of e-commerce services to
be developed, and cannot provide rapid maintenance due to frequent data changes. Accordingly, research
on a generalized development platform for generalizing and providing recommendation services suitable
for a gpecific domain or developing a recommendation service is being actively conducted. Amazon
Personalize service and Microsoft Azure Machine Learning service are generalized tools for developing
recommended services by developers. However, these recommendation model development tools have a
workload of defining essential data information for training data required to generate a recommendation
model. In this paper, we derive a learning agorithm without defining data by using an association
analysis agorithm between data for analyzing learning data. Also, based on the derived learning
algorithm, we propose an Open APl for developing and verifying a recommendation model. In the
experiment, the learning agorithm is derived and the open API is verified by using the open transaction
data of the e-commerce transaction. Through this, the suitability of the open architecture of the

recommendation model development platform is verified.
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class Modeling{APIView):
def get(self, request, **kwargs):
try :
fileMame = selfrequest.query_params.get(file_name’)
maodel = selfrequest.query_params.get]’'model’)
userld = selirequestquery_params.get{'user_id")
projectName = selfrequest.query_params.get('project_name’)
iffmodel=="L5TM") :
result = IstmifileName userld projectName)
wlse

a9 5 33 29 7T Open APl ZE

Figure 5. Recommended model development Open API code

9 7 3= 5 7|9k 2 Open APIS}H ¢
TE 1% 0% 2o Fd 2d ot
Open APIQ! ‘http:/flocalhost:8000/api/modeling” 2
<19 59 Modeling AHIAE TE3t} w7
model & %Hﬂifﬂi oju)slH file_name-
3k dlolE 39w on gt

- 995 -



Journal of Knowledge Information Technology and Systems(JKITS), Vol. 15, No. 6, pp. 991-1000, December 2020

http://localhost:8000/api/modeling
?model=ALGORITHM
&file_name=LEARMING_DATA

madel swing | & UnaF Y
&

EEEL

file_name String 2k

a3 6. FH 29 7 Open APl
Figure 6. Recommended model development Open API

29 AZS 9% Open APl 79 IZTZ¢ <Od
D3 2o F4 =9 AT Open APIelA 7iad 3}
& 2ds dgor won 24 A8 DY FA
BE DE dgiol d5S FIITE A Mux
=3 ASAM AgHE €Y =S AT

class Validation(APIView):

def get(self, request, **kwargs):

try
userlD = selfrequest.query_params.get('user_id)
itemID = seltrequest.query_params.get(item_id ' )
model = selfrequest.query_params.get('model ")
user = selfrequest.query_params.get('user ')
project = selfrequest.query_params.get('project ')
result = verification(userID, itemID, user, project, model)
print('/Recommendation ltems : ', result)

a8 7. 33 A% Open APl 2=
Figure 7. Recommended Validation Open APl code
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Figure 8. Model Validation/Recommendation Open API code

A% Open APIQ! ‘http://localhost:8000/api/validation’
& <29 79 Validation AHI2E &3t} w7
W modele 5E FH O OREE  9rEH

user_ids} item_ide FH waz shs AR ide}
JA AE dE 9n) st}

4. A9 = Hrt

B Agdie FH4 ZHA AEE F e
glo]E Al HHo] Eg¥ Movie-lens ©l o] EAl[12]

a3, AJAYE dolelZ UCIUniversity of
California, Irvine)ol A Alg-sk= EAHAM ] o]ElQl
Online  Retail  dlo]EA[13], 22 Retai
Rocket(14l& &8¢t Ay D, A4 D, &%
D, 3¢ Rating slolEo] e <18 49 dHolg
A d1gEs 5
sttt =9 Open APIE %3] Online Retail ©
AL olgst] Fd 29 A4 4 AFS &

o,

=12~ [e)
g5 ¢1gd 225

o g

O
b oo

o2

Dataset Mame : Movie Lens
Datetime : ['timestamp’]

TID: []

Ui =[]

Rating : ['rating’]

CF UID and PID : ['movield'. 'userld’]
Model List : ['CF’]

1% 9. Movie Lens HiolHdl i3 E1gE & A3
Figure 9. Algorithm derivation result for Movie Lens data

Dataset Name  UCI Online Retail
Datetime : [‘invoicedata’]

TID : ['invoiceno’]

UID : ['customerid']

Rating : []

PID : ['stockcode’)

Model List : [RNN']
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Figure 10. Algorithm derivation result for UCI Online Retail data
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Dataset Name : Retail Rockst
Datetime © ['timestamp’]

TID : ['transactionid’]

UID : ['visitorid’]

Rating - []

PID : ['iternid']

Maodel List : ['/RNN']
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Figure 11. Algorithm derivation result for Retail Rocket data
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